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Abstract 

Monitoring of dyadic Conversations: a Social Signal Processing Approach 

by 

Yasir Tahir1 

Supervisor: Assoc. Prof. Justin Dauwels1 

1 Nanyang Technological Univeristy, Singapore 

This work presents a real-time system that analyzes non-verbal audio and visual 

cues to quantitatively assess sociometries from on-going two-person conversations. 

The system non-invasively captures audio and video/depth data from lapel micro­

phones and Microsoft Kinect devices respectively to extract non-verbal speech and 

visual cues. The system leverages these non-verbal cues to quantitatively assess 

speaking mannerisms of each participant. The speech and visual cues are incor­

porated as features in machine learning algorithms to quantify various aspects of 

social behavior including Interest, Dominance, Politeness, Friendliness, Frustration, 

Empathy, Respect, . Confusion, Hostility and Agreement. The most relevant speech 

and visual cues are selected by forward feature selection. The system is trained and 

tested on two carefully annotated corpora, i.e., an Audio Corpus (AC) and Audio­

Visual Corpus (AVC) comprising brief two-person dialogs (in English). Numerical 

tests through leave-one-person-out cross-validation indicate that the accuracy of the 

algorithms for inferring the sociometries is in the range of 50% - 86% for AC and 

62% - 92% for AVC. To test the robustness of the proposed approach, the audio 

· data from both corpora are combined, and a classifier is trained on this mixed data 

set. Despite the significant differences in the recording conditions of the AC and 
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AVC, the accuracy for inferring sociometries from this mixed data set is in the range 

of 51% - 81% which is reasonably high, therefore implying that the algorithms are 

robust to changes in the recording conditions. The proposed algorithms have low 

computational complexity. They can operate in continuous time, and yield socio­

metries in real-time. Consequently, they can be implemented on real-life platforms. 

The term sociofeedback has been coined to describe systems of that kind, which are 

capable of analyzing conversations and providing feedback to the speakers based on 

their speaking patterns. 

To obtain user feedback regarding practical implementation of sociofeedback system 

in realistic scenarios, the sociofeedback system was interfaced with a humanoid robot 

(Nao). This enabled the humanoid robot (Nao) to provide real-time sociofeedback to 

participants taking part in two-person dialogs. The sociofeedback system quantifies 

speech mannerism and social behavior of participants in an ongoing conversation, 

determines whether feedback is required, and delivers feedback through Nao. For 

example, Nao alerts the speaker(s) when the voice is too low or too loud, or when the 

conversation is not proceeding well due to disagreements or numerous interruptions. 

The user study about the Nao robot comprises two set of experiments. In the first 

sets of experiments, the participants rate their understanding of feedback messages 

delivered via the humanoid robot. They also assess two modalities to deliver the 

feedback: audio only and audio combined with gestures. In majority of the cases, 

there is an improvement of 10% or more when audio and gesture modalities are 

combined to deliver feedback messages. For the second set of experiments, the 

sociofeedback system was integrated with the Nao robot. The participants engage 

in two-person scenario based conversations while the Nao robot delivers feedback 

generated by the sociofeedback system. The sociofeedback system analyzes the 

conversations and provides feedback via Nao. Subsequently, the participants assess 

the received sociofeedback with respect to various aspects, including its content, 

appropriateness, and timing. Participants also evaluate their overall perception 

of Nao via the Godspeed questionnaire. Results indicate that the sociofeedback 

system is able to detect the social scenario with 93.8% accuracy, and that Nao can 
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be effectively used to provide sociofeedback in discussions. These results pave the 

way to natural human-robot interaction in a multi-party dialog system. 

Another real world application of such a system that has been explored is non­

verbal speech analysis to facilitate schizophrenia treatment. Negative symptoms 

in schizophrenia are associated with significant burden and functional impairment, 

especially speech production. In clinical practice today, there are no robust treat­

ments for negative symptoms, and one obstacle surrounding its research is the lack 

of an objective measure. To this end, non-verbal speech cues are explored as ob­

jective measures. Non-verbal speech cues are extracted from schizophrenic patients 

and psychologist interviews. The interviews of the patients enrolled in an obser­

vational study on the effectiveness of Cognitive Remediation Therapy (CRT) are 

analyzed. The subjects comprise schizophrenic patients undergoing CRT treatment, 

and the control group consists of schizophrenic patients not undergoing CRT. Au­

dio recordings of the patients are made during three sessions while being evaluated 

for negative symptoms over a 12-week follow-up period. In order to validate the 

non-verbal speech cues, their correlations with the Negative Symptom Assessment 

(NSA-16) are computed. The results suggest a strong correlation between certain 

measures in the two rating sets. Supervised prediction of the subjective ratings 

from the non-verbal speech features with leave-one-person-out cross-validation has 

shown a reasonable accuracy of 75-80%. Furthermore, the non-verbal cues can be 

used to reliably distinguish between the subjects and controls as supervised learning 

methods can classify the two groups with 69-80% accuracy. 
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Chapter 1 

Introduction 

1.1 Motivation 

Non-verbal communication plays a vital role in understanding human behavior. 

The auditory and visual cues associated with the non-verbal communication are 

known as social signals. These social signals form a significant part of our everyday 

communication. Human behavior is very complex, and much attention has been 

given to the use of technology to facilitate in automated human behavior detection. 

This has given rise to research fields such as natural language processing and social 

signal processing. Natural language processing is the study of verbal aspects of 

speech, where in social signal processing the non-verbal aspects of communication 

are also investigated. 

Our motivation for this work is to analyze dyadic conversations using a social signal 

processing based approach. To this end, we develop a system that can acquire audio­

visual data, extract non-verbal cues and infer various social indicators namely Inter­

est, Dominance, Agreement, Politeness, Friendliness, Frustration, Empathy, Respect, 

Confusion and Hostility. We believe that such a system has numerous applications 

to enhance the social intelligence of machines. Existing research also indicates the 

need for such a system. We have coined the term "Sociofeedback" for such a system. 
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2 Chapter 1 Introduction 

In this thesis, we present the Sociofeedback system, feedback platforms and two real 

world applications for such a system. 

We developed various applications which can be interfaced with the sociofeedback 

system and enable it to provide feedback on VoiP platform (Skype), Android plat­

forms (Android phone/tablets), google glass and vuzix smart glass. 

The first application is in the area of social robotics. Social robotics is the research 

field where human-robot interaction is studied in various social contexts. The ability 

to estimate the social state of the human with which it is interacting can help the 

robot to behave in a more socially aware manner. We interfaced the Sociofeedback 

system with a humanoid robot Nao. Utilizing the inference from the Sociofeedback 

system, Nao provided feedback to one or both speakers. The reason we chose social 

mediation scenario was to determine the following. The primary reason was to put 

the Sociofeedback system to the test. We trained the system on a corpus of dyadic 

conversations. The performance of this system in the social mediation context would 

reinforce our claims in our earlier work regarding the ability of the system to work in 

a real application. Secondly, we wanted to get an insight into the user opinion about 

a robot that was aware of their social state and could give them feedback about their 

social state. The participants rated the robot on a Godspeed questionnaire. They 

also rated the feedback provided by the robot. 

Another real world application of a system similar to the Sociofeedback system that 

we have explored in our research is non-verbal analysis of schizophrenic patients' 

interviews. There is no system until date that can provide objective ratings for 

schizophrenia negative symptoms. Our objective is to determine the correlations 

between subjective negative symptoms ratings and non-verbal cues. We aim to 

exploit these correlation and implement a system that can provide objective ratings 

for negative symptoms criteria. We collected a corpus of schizophrenia patients 

and psychologist interviews over multiple sessions. The psychologists rated the 

patients on negative symptoms during the session. The non-verbal audio features 

were extracted from these interviews and we determined their correlation to the NSA 
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Chapter 1 Introduction 3 

ratings. This is an ongoing project .Therefore we present the results obtained so far 

in this thesis. The final goal is to develop a system trained on the interview corpus 

can be used in an android or tele-medicine application to help with schizophrenic 

patient rehabilitation. 

1.2 Sociometries 

Automatic analysis of human behavior from conversations has garnered a significant 

attention from psychologists, engineers, and data scientists because of the poten­

tial applications and numerous scientific challenges associated with it. Conversations 

consist of verbal and non-verbal cues, and experimental evidence from social psychol­

ogy shows that social interactions are determined from display and interpretation 

of non-verbal cues [1]. This has led to a significant interest in devising computa­

tional techniques to analyze non-verbal cues from conversations. Non-verbal cues 

consist of tone, body gestures and postures, eye gaze, and facial expressions [2, 3]. 

Automatic analysis includes a three-step process [4]: 

i. Data capture resulting in audio-video signals, 

11. Extraction of non-verbal cues, 

111. Inference of social interaction. 

The domain that aims at this automatic analysis of human behavior from non-verbal 

cues is called Social Signal Processing (SSP) [4]. The potential applications of SSP 

span numerous areas such as communication, robotics, healthcare, education and 

business. We aim to automatically quantify social interactions from dyadic con­

versations and presents a system that can provide real-time sociofeedback through 

audio-video analysis of such conversations. 
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4 Chapter 1 Introduction 

A comprehensive review of SSP [4, 5] shows that research in this area varies in terms 

of the data acquisition methods, types of conversations, extraction methods, com­

putational techniques, and the type of social interactions studied. Four categories of 

social constructs have been extensively studied viz. interaction management, inter­

nal states, personality traits, and relationships. Interaction management includes 

addressing and turn taking, with a focus mainly on identifying the addressee through 

speech, gaze, gesture, head pose, head movements, and facial expressions [4, 6-15]. 

Automatic detection of internal states such as interest and activity levels in multi­

party dialogs has been explored from speech pitch [5, 16- 18] . Similarly, detection 

of agreement has been investigated in meeting scenarios such as broadcast con­

versations [19-25]. In the majority of these studies, the proposed algorithms are 

evaluated on the annotations from the ICSI and AMI corpora [26, 27]. Dominance 

and related concepts such as emerging leadership have been investigated in a similar 

manner [28-30] . In addition, personality traits such as dominance and leadership 

have been investigated from speech energy, pitch rate, vocal control, and interrup­

tion. Leveraging on findings of social psychology that dominant people are more 

active and display significantly higher body movements [31-33] , additional methods 

have been proposed to detect dominance in multi-party dialogs in an automated 

fashion by incorporating visual cues [34-36] such as body movement, gestures, ex­

pressions, and gaze. Table 1.1 provides a summary of the social indicators, corpora 

and the accuracies reported in the existing literature. 

Several other studies examined modeling methods and automatic detection of so­

cial relations and social roles from speech recordings and short clips [4, 6-14]. It 

could also be noted that most of these studies inferred not more than one social sig­

nal, e.g. , activity, dominance or agreement level [16-19,34-36], which are primarily 

social attitudes. Relatively little work has been done towards the understanding of 

internal states such as conflicts, frustration, arguments, and boredom in face-to-face 

interactions (see [5]) . The four aspects of social behavior can also be categorized into 

social attitudes (e.g. , agreement, dominance), social feelings (e.g., envy, empathy, 

disgust), and social relationships (e.g., status, roles) [4]. We concentrate on social 
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Table 1.1: summary of the social indicators, corpora and the accuracies reported in 
the existing literature . . 

Bibliography Social Indicator Corpus Results 
15J Activity level AMI RR-34-55% 

[16] Emphasis detection ICSI Detection- 81-89% 
[17 Iutenl!!t AMI Precisiou-0. 75 Recall-0.55 
[18 Agreement Broadcast conversation F score- 63-92% 
[18 Di1111groom~>nt. Brn~11!CAAt. ronvP.rsation F Rr.or~>-5:).859[ 
19 Low Conflict Polit ical debates F score-97.3_% 

[19 High Conflict Polit ical debates F score-87.1% 
[20] Agreement vs. Disagreement ICSI Accuracy-78% 
22 Agreement /Disagreement recognition Canal9 Database of Polit ical Debates Accuracy-64% 
24 Agreement/Disagreement recognit ion ICSI Accuracy-87% 
28 Influence Detection AMI Accuracy-71% 
29 Dominance AMI Accuracy-84-91% 
33 1\lo.•t. Domin1111t. Al\U Ac.rnracy-82% 
33 Least Dominant AMI Accuracy-86% 
35 Leadership broadcast conversations F score-73-95'k 

attitudes and feelings (see Table 1.2). We will consider social relationships in future 

work. 

The proposed real-time system can provide comprehensive feedback of social inter-

Table 1.2: Social indicators ("sociometries") inferred in our study. 

Social Attitudes Social Feelings 
Dominance Frustration 
Agreement Empathy 
Politeness Confusion 

Friendliness Hostility 
Respect Interest 

actions by inferring t en social indicators including Dominance, Interest, Agreement, 

Politeness, Friendliness, Frustration, Empathy, Respect, Confusion, and Hostility 

from non-verbal cues captured through audio and video. Our approach differs from 

the existing literature in the following ways: 

Data collection using Kinect Sensor: Previous studies that explored the role 

of audio-visual features in detecting dominant people and emerging leaders in group 

conversations [34,37] utilized RGB cameras. We employed Microsoft Kinect sensors 

to extract visual features that provide reliable real-time face and skeleton tracking, 
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thereby enabling us to extract visual cues in real-time. To the best of our knowl­

edge, 3D has only recently been used for visual cue extraction [38] to perform 3D 

mapping on RGB videos, and not on depth data. Although several corpora based 

on Kinect device such as CAM3D and BAVCD exist [39, 40], these are not related 

to human behavior studies. 

Speech corpora: In order to test our proposed algorithms, we created two anno­

tated speech corpora, one with audio data (audio corpus; AC) [41] and the second 

with audio-visual data (audio-visual corpus; AVC) [42]. In contrast to the existing 

studies [28] that manually extracted conversational parts from existing corpora such 

as AMI and ICSI [26,43], we trained the system on the AC and AVC corpora with 

complete conversations. Our corpus is the first ever in this domain to consist of 

both RGB and depth visual data, and was obtained through audio-visual recordings 

of participants who were given scenarios for the conversations. Annotations were 

performed for various social constructs and exploited for supervised learning. We 

analyzed the feature set of each modality by means of these annotations, in order 

to assess the relevance of these feature sets for the prediction of social constructs. 

Computational models: In [16, 18], dominance and interest in conversations are 

inferred by means of hidden Markov models (HMM); these studies demonstrate 

that the audio modality is predominant, and combining audio and visual informa­

tion does not lead to better results. Moreover, rule-based, and rank-level analysis 

has been employed to determine the dominance and emerging leader. In contrast, 

our study employs supervised learning by leveraging on annotations from multiple 

judges, and we demonstrate that visual information can improve the detection of 

sociometries. We allocated only one audio channel per speaker which allowed us to 

avoid speaker diarization and enabled us to determine features that involve interplay 

between speech patterns of both speakers. 

Multiple social indicators: Unlike previous studies that inferred not more than 

one signal or one category of social construct i.e. , social attitudes, we explored ten 

indicators namely Dominance, Interest, Agreement, Politeness, Friendliness, Frus­

tration, Empathy, Respect, Confusion and Hostility; this portfolio of social indicators 
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provides comprehensive feedback on social behavior in terms of five social attitudes 

and five social feelings (see Table 1.2). 

Real time sociofeedback system: Our system is able to provide feedback in 

real-time. The analysis duration is kept small in comparison to the data collection 

window, and that feedback is provided while the conversation is ongoing. For 1 

minute of collected data, the analysis duration of our proposed system is around 7 

seconds (see Fig. 2.14 and Table 2.13). In this manner, the system can efficiently 

compute feedback once the first minute of data has been collected. This is also 

because the pre-processing is fully automated; no manual selection of data segments 

is required in the proposed approach, in contrast to other studies [17,44]. 

Correlation study: We conducted a correlation study to explore how the social 

indicators are related to each other. Our results indicate the existence of strong 

relations among the social signals, with positive indicators such as Empathy and 

Politeness positively correlated with each other; and negative indicators such as 

Hostility and Frustration positively correlated with each other, thereby indicating 

that positive emotions are negatively correlated with negative emotions. 

In the majority of these existing studies [4, 6-14], the proposed algorithms are eval­

uated on the annotations from the ICSI corpus [26]. Typically, the corpus utilized 

for analysis and testing purposes is limited in scope and mostly contains a specific 

kind of dialog, e.g., broadcast shows [36]. In addition, the corpus is manually or 

automatically segmented based on activity levels as a pre-processing step, before the 

behavioral analysis can be conducted in most existing studies [17,44]. Consequently, 

such methods cannot be used in real-time applications. It has been pointed outre­

peatedly in the literature that real-time systems for social signal processing would 

have many potential practical applications, yet few such systems have been devel­

oped so far [4, 5]. We aim to specifically address this shortcoming by concentrating 

on real-time implementations of social signal processing systems. Various research 

studies have proposed feedback systems to assist the dynamics of conversations by 

providing feedback to group members. This feedback is generated through the es­

timation of non-verbal cues (specifically, speaking time) associated with dominance 
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and measures of interaction; behavioral data is captured through wearable sensors 

and feedback is delivered on t he meeting t able or on cell phones [45-48] . For exam­

ple, Meeting Mediator (MM) is a real-time portable system that provides feedback 

on mobile phones to enhance group collaboration by detecting social interactions 

capt ured t hrough sociometric badges [46]. 

Other systems that determine speed dating or salary negot iation outcomes have 

Figure 1.1 : System Overview. The system records audio and video data, computes 
several speech and video cues, and from those features, computes levels of various 
sociometries via mult i-class classification. Each speaker is wearing a lapel micro­
phone, and Microsoft Kinect sensors are placed in front of each speaker (see left 
figure). 

been implemented [49]. However, these systems are unable to operate in real-time. 

It is noteworthy t hat the existing real-t ime feedback systems only provide low-level 

cues such as pitch and speaking percentage, and often infer only a limited number 

of social signals (often only one, at most three), limiting t heir use in practical sce­

narios where more diverse information might be required about the behavior of t he 

speakers. 

The motivation for this work arises from the above mentioned gaps; specifically, 

we aim to implement real-time systems that can provide comprehensive feedback 

on social behavior in dialogs on various platforms including VoiP, smartphones and 

smartglasses from non-verbal cues captured through audio and video. 
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1.3 Sociofeedback via Nao Robot 

One of the key objectives of research and development in robotics is to design various 

robots that can assist humans in everyday domestic environments. Socially intuitive 

robots are utilized to communicate emotions and create social competencies [50, 

5l].There are many applications for such robots from shopping robots [52] and tour 

guides [53] to home assistance and care [54, 55] etc. 

With increasing demand of robots for domestic environments, research on human­

robot interaction (HRI) has gained more importance. In order to enhance human­

robot interaction, the need for integration of social intelligence in such robots has 

become a necessity [56-58]. Socially intelligent robots should effectively engage with 

humans and maintain a natural interaction with them over extended periods of time. 

Understanding of human behavior is essential for a robot to achieve social intel­

ligence [59]. If a robot can understand the behavior of humans with whom it is 

interacting, then it can respond accordingly. HRI in multi-party dialogs [60] can be 

greatly improved if the robots are able to interpret the human behavior to some ex­

tent. Human behavior involves various patterns of actions and activities, attitudes, 

affective states, social signals, semantic descriptions and contextual properties [61]. 

A promising approach for human behavior understanding is to apply pattern recog­

nition and automatically deduce various aspects of human behavior from different 

kinds of recordings and measurements, e.g., audio and video recordings [62]. 

In [41], we presented a novel approach towards comprehensive real-time analysis of 

speech mannerism and social behavior. We performed non-verbal speech analysis 

to analyze human behavior. Non-verbal speech metrics are a direct manifestation 

of human behavior, and play a vital role for the meetings to be pleasant, produc­

tive, and efficient [63]. By considering these low-level speech metrics, we quantified 

speech mannerism and sociometries including interest, agreement, and dominance 

of the speakers. We collected a diverse speech corpus of two-person face-to-face 

conversations; it allowed us to train machine learning algorithms for reliable 5-level 
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classification of the sociometries with speech metries as input features. The clas­

sifier is able to detect social states of participants with accuracy of 84-86%. The 

combined metrics for speech mannerism and social behavior provided a clear pic­

ture of human behavior in dialogs. We investigate the scenario where the Nao robot 

communicates this information to the speakers. 

In [64], we conducted a preliminary user study to investigate how sociofeedback 

could be provided via a humanoid robot (Nao). It is widely accepted that the com­

bination of modalities and capabilities improves human-robot interaction. In our 

preliminary study, we investigated a variety of modalities. We provided users with 

sociofeedback in open-loop conditions. Specifically, the participants of the survey 

needed to assess basic feedback messages delivered by Nao, without actually partic­

ipating in a conversation. The participants were then asked to assess sociofeedback 

messages delivered only via audio and also by a combination of audio and gestures. 

The user study confirmed the hypothesis that combining the two modalities of audio 

and gestures clearly helps the participants to identify the sociofeedback messages. 

We extended our work from the open-loop to closed-loop scenario. The participants 

had a conversation, and the Nao robot provided feedback after wards. This feedback 

was derived from the speech mannerisms and sociometries computed by the machine 

learning algorithms proposed in our earlier work [41]. In other words, we studied 

how the participants react to and evaluate this approach to providing feedback via 

Nao robot. We present the following contributions and novelties: 

• We integrate a real-time sociofeedback system that analyzes nonverbal speech 

metrics to assess the social states of participants in a two-person conversation 

with a humanoid robot (Nao). The robot uses this information and provides 

appropriate feedback in real-time. Currently, we limit ourselves to four social 

states, namely normal, uninterested, overly talkative, and aggressive. 

• We conducted two user studies in this research [64, 65]. The first user study 

with 20 participants (16 males, 4 females) compared audio, gesture and audio 
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with gesture modalit ies to provide feedback messages to speakers. In t he 

second user study with 20 participants (17 males, 3 females). Each participant 

received sociofeedback via Nao for all the social states. Participants were t hen 

asked to evaluate several aspects of sociofeedback e.g. , whether t hey ag1·ee 

with t he feedback, or whether t hey like t he feedback, whether t hey feel t hey 

received the feedback timely. 

• We also investigated the overall experience of users about Nao. The partici­

pants were asked to rate the anthropomorphism, animacy, likability, perceived 

intelligence and perceived safety hy means of a Godspeed questionnaire [66] . 

In summary, we made the following observations in our experiments. From our 

first experiment [64], we learned that the participants could clearly understand the 

feedback messages delivered by Nao using gestures along with audio. The ratings on 

Godspeed questionnaire were also significantly higher for the case when N ao used 

audio and gestures to deliver feedback message as compared to only using audio. In 

the second experiment we observed t hat the participants seemed to like receiving 

feedback from Nao robot and rated it very high on the Godspeed questionnaire. We 

also established that the sociofeed back system [ 41] can provide reliable feed back in 

real conversational scenarios with an overall accuracy of 93.8%. 

Conver$atlon and prosodic cues/Sociometric Analysis 

Figure 1.2: Feedback messages are determined from these three social indicators and 
from prosodic features. All these computations are performed in Matlab. T he feed­
back messages are communicated from the computer to Nao via TCP /IP framework. 
Nao provides feedback by an audio message supported by gestures. The gestures 
are programmed in Choreographe. 
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In the recent past, many social robots have been designed for real world interactions, 

e.g., Kismet [67], Mel [68], Pearl [69], Robovie [70], Robota [71], and Paro [72]. 

Nowadays, social robots are successfully helping children in their social, emotional 

and communication deficits. Social robotics can help with the therapy of children 

with autism [73-75]. The roles of socially aware robots for autism therapy of children 

is reviewed in [76]. Similarly, social robots are being actively deployed in nursing 

homes for assistance of the elderly [72]. 

Apart from that, many application centric social robots are being deployed in domes­

tic environments where the goal is to interact with humans as naturally as possible. 

The Human-Computer Interaction Institute (HCII) at Carnegie Mellon University 

(CMU) has developed an advisory robot that traces people's mental mode from a 

robot's physical attributes [77]. Similarly, Philips electronics created the iCat Re­

search Platform which consists of a catlike face and a limbless body. iCAT has been 

deployed in [78] to investigate multi-party social interaction with a robot. CALO 

meeting assistant [79] assists participants in multiparty meetings. Furhat is a social 

robot developed to conduct research on multi-party dialogu~s with robots [80]. 

Many user studies have been conducted to assess how humans perceive robots in 

their specific roles. Such studies rate the human-robot interaction with respect to 

likability, perceived safety, anthropomorphism, animacy etc. For example, it was 

investigated in [81] how humans perceive affect from robot motion. It was shown 

in [82] that humans perceive different affects by observing different motions of the 

robot. The curvature and acceleration of robot motion were varied and their positive 

or negative affect on the participants were observed. Similarly, in [83] studies have 

been carried out to see if humans can identify emotions expressed by a humanoid 

using gestures. The results indicate that users can interpret expressions from differ­

ent poses animated by a humanoid robot. In [84] Nao narrated a three minute story 

to a group of participants. The study investigated the effect of gazing and gestures 

on the persuasion of the robot, and provides evidence that gazing can significantly 

improve persuasion, however, incorporating gestures showed no significant difference 

in persuasion. In [85], experiments were carried out to understand whether a robot 
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can effectively modify its speech according to the speaker's behavior. 

By contrast, our objective is to facilitate multi-party dialogs by introducing Nao as 

an observer, which can assess social state of participants, in real-time, and provide 

valuable feedback without having to provide any service or engage participants in any 

context-based conversation. To achieve this, we conducted a study to investigate, 

in detail, different aspects of human-robot interaction when Nao provides real-time 

sociofeedback to participants. To the best of our knowledge, no such study has been 

conducted yet. 

1.4 Non-verbal Analysis of Schizophrenic patients' 

Interviews 

Schizophrenia is a chronic and disabling mental disorder that often develops in ado­

lescence and manifests itself through various symptoms. These symptoms can be 

classified broadly as positive, negative, and cognitive symptoms [86], [87]. Positive 

symptoms include one or more of the following: hallucinations, delusions, positive 

thought disorders, and repeated bizarre behavior [86] . Similarly, negative symp­

toms consist of at least two of the following: poverty of speech and its content, i.e., 

alogia, affective flattening, anhedonia-asociality, avolition-apathy, and attentional 

impairment [86]. In the literature, common cognitive deficiencies of schizophrenia 

such as failure to differentiate between relevant and irrelevant stimuli, lack of contin­

ued focus and attention, "an impaired capacity for abstraction, errors in syllogistic 

and analogical inference", and incoherent responses · due to competing reactions [88] , 

have been discussed. Although the pathogenesis of schizophrenia remains unclear 

till now, research so far has pointed to a strong genetic basis with estimates of her­

itability of risk at about 80% [89]. 

Current pharmacological treatments are effective in treating positive symptoms but 

have at most limited efficacy on negative and cognitive symptoms. Till now, their 

pharmacological treatments have been restricted to agents that act at the glycine 
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site of the N-methyl-o-aspart ic acid (NMDA) glutamatergic receptor or a part ial 

agonist, such as o-cycloserine [90-93]. However, the above clinical t rials were mostly 

conducted in small , inpatient samples. When put to scru tiny using a larger sample 

of subjects with moderate to severe negative symptoms, Buchanan et . a! [94] did not 

find t he previous claims to hold up. In t heir "16-week double-blind, double-dummy, 

parallel group, randomized t rial of adjunctive glycine, o-cycloserine, or placebo." 

viz. Cognitive and Negative Symptoms in Schizophrenia Trial, or CONSIST, t hey 

observed no significant differences in change in t he Scale for Assessment of Nega­

t ive Symptoms (SANS) scores and change in the average cognit ive domain z scores 

between glycine and placebo subjects or o-cycloserine and placebo subjects. Mur­

phy et al. reviewed t he efficacy of the pharmacological agents on primary negative 

symptoms in [95] . They reported some drugs such as amisulpride to be only moder­

ately effective in treating negative symptoms compared to t he effect of convent ional 

ant i-psychotics on posit ive symptoms t reatment. However, negative and cognit ive 

symptoms in schizophrenia do contribute significantly to the disability seen in clin­

ical practice [96]. Moreover , it has been seen in practice that negative symptoms 

and cognit ive deficiencies of schizophrenia are closely related [97]. 

Ident ifying cognit ive and sociological bio-markers will greatly aid t he stratification 

and tailoring of t reatment for patients with schizophrenia and can have the potent ial 

to be used as an objective way to gauge an individual's response to the t reatment. 

The advancements in speech processing research have paved the way for researchers 

Objective 

ratlncsos ) 
features. 

---+1 Audio data 1---+ 

,.....-----, 
Subjective ---+ ratlncsos 

classes. 

Prediction of Nocatlvo 
Symptoms 

Figure 1.3: An overview of data acquisit ion and the analysis of subjective and 
objective features . 

to investigate t he assessment or diagnosis of mental disorders ut ilizing speech anal-
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ysis. The most extensive work in this regard has been done for depression and 

suicide risk, and a review of existing work is provided in [98] . Prosodic features, 

formant features, source features and spectral analysis features can be extracted 

from speech and machine learning models can be trained on these features to pre­

dict the existence or the severity of mental disorders. In recent years, Interspeech 

competitions and data-sets have also motivated several studies towards a better 

understanding of mental disorders such as Parkinson and autism. Interspeech is a 

research competition held regularly since 2009 [99-105]. Each competition consists 

of multiple challenges, which encourage researchers to tackle diverse problems using 

speech features. The organizers provide the corpora and feature sets to be used 

for these challenges. In some of these studies speech or voice based cues are used 

to determine either the severity of the mental disorder or the relationship between 

speech cues and the mental disorder. Audio-visual emotion challenge (AVEC) is 

part of a workshop held at ACM-Multimedia conferences. It also includes depres­

sion recognition challenge [106, 107]. 

Speech impairments among schizophrenic patients are some of the key negative 

symptoms [108]. However, previous non-automated attempts to utilize the different 

aspects of speech and language as differentiators between schizophrenic and healthy 

individuals have had limited success. Although there existed some distinction in 

verbal fluency tasks between patients and healthy controls [109], other studies in­

volving semantic boundary [110] or metaphor interpretation [111] reported no sig­

nificant differences between the two groups. However, automated efforts based on 

speech deficiencies to distinguish patients and healthy controls have had greater 

success with the recent advancements in computer science and signal processing 

techniques. The ability of schizophrenic patients to express emotions was compared 

to that of a healthy group [112]. The results indicate that there exists a higher 

overlap between the measures of both groups for active primary emotions of anger 

and happiness as compared to sad emotion. Subtle differences in communication 

discourses were detected among patients, their first-degree relatives and healthy 

controls employing Latent Semantic Analysis (LSA) in [113]. LSA was again uti-
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Table 1.3: Overview of studies concerning the use of speech analysis to assess the 
existence or the severity of Psychological disorders such as depression, suicide risk, 
schizophrenia, Parkinsons syndrome, and autism. 

Psychological Disorder References 
Depression, Suicide Risk and PTSD [98], [117], [118], [119], [106], [107] 

Schizophrenia 
[108], [109], [110], [111] 
[113], [114], [115], [112] 

Parkinson's syndrome [120], [121], [122] 
Autism [123], [124], [125] 

lized to identify lack of semantic and phonological fluency, disconnecte~ speech, and 

thought disorder in [114], and LSA and machine learning were used to analyze free­

speech and predict the onset of psychosis respectively of high-risk youths in [115]. 

However, all the above methods are based on semantic analysis and natural lan­

guage processing, with little attention to the restricted non-verbal cues display of 

patients suffering from negative symptom schizophrenia [116]. Non-verbal speech 

cues such as voice tone, volume, and interjections play a crucial role in human in­

teraction and communication [2], and the display of such signals in patients can be 

used for both distinguishing them with healthy controls and developing specific and 

objective treatments. Table 1.3 presents the references relevant to research towards 

psychological disorders such as depression, schizophrenia, Parkinsons syndrome and 

autism. We provide a summary of few of the studies done in this regard. 

The hypothesis that valuable information about depression can be determined from 

GMM ofrecorded speech was tested in [117] . Two corpora were used in this research. 

The first was the Mundt database originally collected for a depression severity study 

by Mundt et al. [126], involving both in-clinic and telephone-response speech record­

ings. This corpus consisted of thirty five subjects (20 women and 15 men, mean age 

41.8 years). The interviews of these subjects were recorded at week 0,2,4, and 6, the 

subjects were assessed using HAMD scoring and QIDS assessment. HAMD [127] 

scoring is a clinical-rated test which provides a Htotal score, where QIDS [128] is 

a self-reported measure that provides a Qtotal score. Both use different weighting 

schemes to produce their total score. The best classification accuracy for Htotal and 
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Qtotal was 68.6% and 69% respectively. 

The second corpus was the Black Dog database, which consists of audio-video data 

collected for a study conducted by the Black Dog Institute [126]. This database con-

sisted of 60 participants with 30 subjects and 30 controls. The gender split was kept 

even, and there was one recording per participant. The best accuracy for Black Dog 

corpus was 63%. The results showed that the use of a speaker's average weighted 

variance which is a GMM based indicator enhanced the classification of both the 

presence and the severity of depression. Automatic classification of depression sever­

ity was also investigated in [119]. The researchers used a corpus of free-speech from 

subjects treated for depression over six weeks, along with standard clinical HAMD 

depression ratings. The results indicated that by mitigating nuisances and focusing 

on depression severity as a class, significant improvement in classification accuracy 

can be achieved. 

Voice characteristics on a breathy to tense dimension were used as an indicator of 

psychological distress within semi-structured virtual human interview in [118]. The 

corpus, investigated in this work, was recorded in a wizard of Oz controlled scenario 

where a virtual human interacted verbally and non-verbally in a semi-structured 

manner with a participant. In total, 45 participants interacted with the virtual hu­

man. All participants who met requirements (i.e. age greater than 18, and adequate 

eyesight) were accepted. Their mean age was 41.2 years (27 male and 16 female). 

Significant differences were found between the voice quality of psychologically dis­

tressed participants and non-distressed participants. Classification accuracy of 75% 

was achieved for depression and 72.1% was achieved for PTSD. 

As mentioned earlier, Interspeech competitions include mental disorders such as 

Parkinsons syndrome and autism to determine the role of speech analysis in un­

derstanding these disorders. Interspeech 2015 [105] had a Parkinsons condition 

sub-challenge. The Parkinson corpus included speech recordings of 50 people with 

PD and 50 healthy controls, 25 men and 25 women in each group. All the partici­

pants were Colombian Spanish native speakers. The age of the men with PD ranged 

from 33 to 77 years old (mean 62.2), the age of the women with PD ranged from 
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44 to 75 years old (mean 60.1). Acoustic, prosodic and glottal features on speech 

tasks such as syllable repetition, sentence reading and monologues were employed 

to determine the presence and severity of Parkinsons disease in [120]. The research 

questions addressed in this work were whether speech features could help in detect­

ing Parkinsons disease and in estimating its severity. The first question had two 

possible outcomes (Parkinsons disease vs. healthy), and the second question had 

three outcomes based on unified Parkinsons disease rating scale (UPDRS). There­

searchers reported a recognition result of 82% when trying to differentiate between 

a normal speaker and a Parkinsons speaker, and 59% recognition result for UPDRS 

classification. 

In another study [121] phone recognition based features were augmented with i­

vector features to identify the degree to which a person suffers from Parkinsons 

disease. An improvement of 0.04 in the regression correlation coefficient over the 

baseline provided by Interspeech challenge [105] was reported. Similarly, an im­

provement over the baseline was reported in [122], where i-vector and functional 

segmental features, non-linear time series features, speech rhythm and automatic 

speech decoding based features were used. 

Interspeech competition 2013 [103] had an autism sub-challenge. The Child Patho­

logical Speech Database (CPSD) was used for this competition. It provided speech 

as recorded in two university departments of child and adolescent psychiatry, located 

in Paris, France. The data-set used in the Sub-Challenge contained 2.5 k instances 

of speech recordings from 99 children aged 6 to 18 years. Dyadic interactions of 

autistic children and psychologists were analyzed in [123], and speech character­

istics such as monotonic speech, variable volume, atypical voice quality and slow 

speech rate were reported in autistic children. The research also reported that the 

psychologist's speech patterns changed based on his/her perception of the child's 

behavior. The correlations for child's features showed low correlations of 0.36 and 

0.37, but the psychologist's features showed a higher correlation of 0.61 for both 

communication total and social interaction total. 

An improvement in the detection of autism spectrum disorder (ASD) was reported 
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in [124], where researchers used fundamental frequencies and derived harmonic to 

noise ratio (HNR), shimmer and jitter from the reconstructed noise free speech sig­

nal. These features were used along with standard features such as energy, cepstral 

and spectral features. They employed regression to detect ASD and classification 

for classifying the sub-type. The results showed an improvement of 2.3% for ASD 

detection and 2.8% for sub-type categorization. 

In [125] the relation between an autistic child's verbal response latency and his/her 

Electrodermal Activity (EDA) was studied. In some children, discriminative phys­

iological patterns were found during short and long verbal response latencies. The 

classification results ranged from 50%-70%. This suggests that EDA signals contain 

information relevant to the amount of verbal response latency. 

In summary, non-verbal speech analysis has been used to determine the existence 

and the severity of psychological disorders such as depression, Parkinson's syndrome 

and autism. The results are encouraging and avenues such as Interspeech and AVEC 

provide researchers with data and feature sets to further existing research. 

In our work we have studied the correlations between speech features and negative 

symptoms from the negative symptoms assessment (NSA) scale, whereas in exist­

ing work speech analysis has mostly been used to determine the presence and/ or 

the severity of mental disorders. In the case of schizophrenia, most of the existing 

research employs natural language processing. In our work, we have attempted to 

highlight the significance of non-verbal speech analysis for understanding negative 

symptoms of schizophrenia. We conducted this experiment in collaboration with 

the Institute of Mental Health, Singapore. Psychologists at IMH took the decision 

to use NSA-16 rating scale [129] for this experiment. We found the conversational 

features used in our work on sociometries explained in Chapter 2 [41, 42] to be rel­

evant to the speech related criteria in NSA-16 scale. Therefore, we have focused on 

the correlations between the NSA-16 criteria and conversational features extracted 

from the patient-psychologist interviews. Another recent study by Lavelle et al. [130] 

used non-verbal behavior of schizophrenic patients and their psychiatrists to under­

stand the therapeutic relationship between them during meetings, but this study 
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observed the patient-psychiatrist interactions for a very brief period (6 minutes in 

total) , and that too, only for one session. However, the consistency of the patients' 

behavior for different psychiatrists or over time may not be the same and the chal­

lenge to objectively understand and infer the behavior of patients suffering from 

negative symptoms schizophrenia utilizing their non-verbal speech cues still exists. 

We present the preliminary results on the relationship of such non-verbal speech 

cues extracted from audio recordings of patient interviews with the Negative Symp­

toms Assessment criteria [129]. The accuracy of machine learning algorithms with 

leave-one-person-out cross-validation technique in identifying the subjective ratings 

from objective cues is between 75-80%. We also report how the non-verbal cues 

were applied as features in machine learning algorithms to differentiate between 

subjects and controls, the former group suffering from a greater degree of cognitive 

impairments of schizophrenia than the latter. The accuracy of machine learning 

algorithms with leave-one-person-out cross-validation technique in attributing the 

features to subject cases and controls is between 69-80%. 
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Chapter 2 

Sociometries 

In this chapter we present the details of our work on sociometries. In section 2.1, 

we describe the hardware used to acquire data. In section 2.2 we elaborate on 

the audio and audio-visual corpora collection and annotation. In section 2.3, we 

explain the non-verbal audio-visual features extracted from dyadic conversations. In 

section 2.4, we present the correlation analysis of audio-visual features with social 

indicator annotation, and the correlations between the social indicator annotations. 

In sections 2.5, 2.6,and 2.7, we present the leave-one-person-out cross-validation 

results of various machine learning algorithms. Lastly in section 2.8, we detail the 

computational complexity of our proposed system. 

2.1 Hardware 

2.1.1 Audio 

The hardware consists of easy-to-use portable equipment for recording the conversa­

tions. The audio hardware simply involves lapel microphones for each speaker and 

an audio interface device such as H4N recorder to allow multiple microphones to 

be interfaced with the computer and perform recording simultaneously {Fig. 2.1) . 

We use lapel microphones to record conversations, these microphones are easy to 
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22 Chapter 2 Sociometries 

wear. Speech quality is also greater as t he microphone is close to t he mouth of t he 

speaker. 

Figure 2.1 : H4n recorder on the left and lapel microphone on the right. 

2.1.2 Video and Depth data 

Kinect cameras are used to capture video and depth data of each speaker. Kinect 

cameras allow facial and body recognition of individual speakers in real-t ime (Fig. 2.2) . 

Figure 2.2: Kinect sensor. 

Figure 2.3 illustrates t he physical capabilit ies of Kinect sensor. On the left it shows 

t he vert ical and horizontal angles which Kinect sensors can capture, while on t he 

right it shows the sui table distance from Kinect . This dist ance is necessary to detect 

skeleton properly. 
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Ang~ of KinKt vision (Depth and RGB) 
Horizontal: 57.5 degrrfl 
Vertical: 43.5 degrees with 
-27 to +27 degree tilt range up and down 

Distance ranges for Depth (default mode) 
Physiul lim its: 0.8 to 4m 
Practical limits: 1.2 to 3.Sm 

23 

Figure 2.3: Limitations of Kinect sensors are shown in t his fi gure. 

2.2 Collected Corpora 

We collected two different speech corpora , i.e. , the Audio Corpus (AC) and Audio­

Visual Corpus (AVC) . Participants of both corpora are students of Nanyang Tech­

nological University (NTU) . The Nanyang Technological University Instit utional 

Review Board approved this study and experimental paradigm. All part icipants 

gave informed written consent and received monetary remuneration for their partic­

ipation. The AC contains 150 two-person conversations, each at least 2.5- 3 minutes 

long, recorded from a total of 22 participants (17 males and 5 females) . The age of 

the students ranged from 18 to 30 years. On the other hand , the AVC contains 98 

two-person conversations, each at least 1 minute long, recorded from a total of 21 

participants (16 males and 5 females). The age of the students ranged from 18 to 30 

years. The topics of conversations ranged from discussions of assignments, projects 

of students, to social and political views. They were also presented with problem­

atic situations such as conflicts and disagreements, periods of boredom, aggressive 

behavior, or poorly delivered speech (e.g., low voice or fast pace). The length of 

each recording of our corpora is relatively long (at least one minute) as compared 

to existing corpora [12 , 14]. The number of recordings for the different conversation 

topics in each corpus is listed in Table 2.1. In Appendix .1 we provide scripts of 

a few sample conversations to provide an idea of t he conversations in the corpora. 

These scripted conversations were used for experiments to test t he sociofeedback 

system, detailed in 4.5. 
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Table 2.1: Number of recordings for the major conversation topics in each corpus. 

Topic AC AVC 
Research 25 5 

Career and Studies 23 23 
Entertainment 14 13 

Shopping and Lifestyle 22 19 
Food and Culture 9 6 

Social Issues 27 17 
Sports 11 5 
Travel 5 8 

Religion and Politics 14 2 

Total 11so 1 9s 

2.2.1 Data Collection Procedure 

The basic arrangement for data acquisition was kept similar for both corpora. Some 

observations from AC did affect our acquisition procedure for AVC. We collected the 

AC corpus in an uncontrolled manner, i.e., both people in the conversations were 

participants. The AVC corpus was recorded in a more controlled manner: one person 

in the conversations was a control, whose task was to facilitate the participant in 

conducting the dialogs for different social scenarios. The duration was 2.5-3 minutes 

in AC, but was reduced to 1 minute for AVC, as participants in the AC reported 

that the duration of the conversations was too long, and it was challenging for them 

to keep acting according to their roles in the conversation. This in turn enables us 

to investigate whether it is possible to provide feedback within shorter duration. 

The procedure for data collection is listed below: 

1. First, we make the recording system ready for data collection. We saved the 

speech in a 2-channel audio . wav file (one channel for each speaker), so that we 

can easily detect who is speaking at any given time. In the AVC, we recorded 

video/depth data for each participant by means of Microsoft Kinect devices 

in addition to audio. 
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2. The participants sat about 1.5 m apart, so that there was no interference 

from the other participant in the audio recordings. We placed the Microsoft 

Kinect devices in front of each participant (about 1.2 m apart) , so that we 

could accurately extract the participant's skeleton and face from the depth 

and RGB data. 

3. We briefed the participants about the experiment, and asked them to act nat­

urally. The two participants were asked to agree on a topic for each subsequent 

discussion. As mentioned before, the topics of discussion ranged from casual 

small talk to heated debates on sports or politics (see Table 2.1). The topics 

were selected carefully in order to evoke a variety of behaviors. 

2.2.2 Annotation Protocol 

Each recording in the corpus was annotated by multiple people ("judges") , each 

assessing a subset of the corpus. There were 17 annotators for the AC corpus and 

each recording was annotated by a minimum of 4 and a maximum of 5 annotators. 

For the AVC there were 10 annotators and each recording was annotated by 5 anno­

tators. For each recording in the AC, the judges completed a questionnaire related 

to speaking mannerisms (see Fig. 2.4) and behavioral aspects of each participant 

(see Fig. 2.5). In the latter figure, we show as an illustration the questions related 

to three social indicators, including Interest, Dominance, and Agreement; the real 

questionnaire had similar questions for each social indicator. 

For example, if a participant seemed bored to the annotator, the latter would as­

sess the interest level as "low"; in contrast, if the participant seemed excited, the 

annotator would quantify the interest level as "high" . The responses ranged from 1 

(low) to 3 (high). To simplify the annotation process, for the AVC the judges only 

annotated the social indicators, by answering questions similar to the ones shown 

in Fig. 2.5. 
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To assess the variability among the different annotators, we computed the standard 

deviation of the annotations. In Table 2.2 we list the standard deviation values for 

the 10 different sociometries. As can be seen from Table 2.2, the standard deviation 

values are relatively low, and therefore, the annotations are reasonably consistent 

among the different annotators. The annotations for the AVC are on average more 

consistent than for the AC; this is probably due to the fact that also video footage 

is provided to the annotators in the AVC, in addition to audio, which may facilitate 

the annotation process. 

Speech Rate Speech Volume Response Time 

D Low 0 Low LJ Low 

LJ Medium LJ Medium 

D High LJ High EJ High 

confidence level confidence level confidence levEl 
0 Q 100 0 Q 100 0 Q 100 

=== === === 

Figure 2.4: Questionnaire for speech mannerism assessment. 

Interest Dominance Agreement 

EJ Low LJ Low EJ Low 

LJ Medium [] Medium EJ Medium 

D High LJ High D High 

confidence level confidence level confidence level 
0 0 100 0 r 0 100 0 0 100 

Figure 2.5: Questionnaire for sociometric assessment. 
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Table 2.2: The standard deviations among the annotations for each social indicator. 
The middle column shows the values for the audio corpus (AC), and the last column 
shows the values for the audio-visual corpus (AVC) . 

Social indicator AC AVC 
Agreement 0.44 0.48 
Dominance 0.50 0.24 

Interest 0.54 0.39 
Politeness 0.36 0.51 

Friendliness 0.50 0.50 
Frustration 0.43 0.33 
Empathy 0.55 0.47 
Respect 0.54 0.48 

Confusion 0.36 0.34 
Hostility 0.24 0.39 

Average 1 o.4s 1 o.41 1 

2.3 Feature Extraction 

Here we briefly review the speech and visual cues considered in this study (see 

Table 5.1). 

-
2.3.1 Non-Verbal Speech Cues 

Non-verbal speech cues can be divided into conversational and prosodic cues. In the 

following section, we briefly describe the conversational and prosodic cues. 

2.3.1.1 Conversational Cues 

In order to compute the conversational features, we first performed speech detection 

by means of a Hidden Markov Model (HMM) that employs energy-independent 

features [131]. Once the audio signals were segmented into periods with speech 

and without speech, we computed the following conversational cues: the number 

of natural turns, speaking percentage, mutual silence percentage, turn duration, 
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Table 2.3: List of conversational, prosodic and visual features. 

Category Features 

Conversational 

Speaking duration 
Speaking % , mutual silence, 

Difference in speaking %, overlap, response time 
Speaking turns Natural turns, turn duration 

Interruption Interruptions, failed interruptions 
Interjection Interjection, speaking interjection . Prosodic 

Frequencies Larynx frequency (FO) , formant (F1, F2, F3) 
MFCC Mel-frequency cepstral coefficients 

Amplitude Mean volume, max volume, min volume, entropy . VIsual 

Postures 
Upright, hunched forward, 

Leaned back, posture changes 

Head movement 
Nodding, 

Sum of vertical/horizontal head movements 
Gestures Gesture count, %of gestures as compared to other speaker. 

Head pose Straight, downward, sidewards 

interjections, interruptions, failed interruptions, and response time, as illustrated in 

Fig. 2.6. 

2.3.1.2 Prosodic Cues 

We considered the following prosodic cues: amplitude, larynx frequency (FO) , for­

mants (F1, F2, F3) , and mel-frequency cepstral coefficients (MFCCs); these cues 

were extracted from 30 ms segments at a fixed interval of 10 ms (41]. These cues 

fluctuate rapidly in time. Therefore, we computed various statistics of these cues 

over a time period of several seconds, including minimum, maximum, mean, and 

entropy. 

NANYANG TECHNOLOGICAL UNIVERSITY SINGAPORE 

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



Chapter 2 Sociometries 29 

Natural Turn 

I nterru pt1on 

Fa1led lnterrupt1on 

I nterJect1on 
--- -~ 

Figure 2.6: Illustration of natural turn, interruption, failed interruption and inter­
jection. Periods of speaking and non-speaking are indicated in black and white 
respectively. 

2.3.2 Visual Cues 

We incorporated postures, nodding, hand gesture, and head pose in our analysis. It 

was challenging to extract the gaze of participants, as they were seated at approx­

imately lm distance from the Microsoft Kinect device. They also moved freely to 

express certain social states; therefore, we computed the head pose as a substitute 

for the gaze. We acquired RGB video and depth information from the speakers by 

means of two Microsoft Kinect devices (one for each speaker). In order to extract 

visual cues, the speaker's face and body were automatically detected first, as illus­

trated in Fig. 2.7. 

Posture : Postures of each participant were classified into three basic sitting pos­

tures: hunch forward, upright, and lean back. We evaluated the perce:Qtage of time 

each participant remained in a particular posture, along with the total number of 

posture changes. Postures contribute strongly to understanding the body language 

and mood of the speaker. For example, an upright and erect posture indicates con-
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Figure 2.7: Face and skeleton detection from RGB-depth data acquired via Microsoft 
Kinect device. 

fid ence and positive t houghts in the speaker , whereas a slouching posture indicates 

doubt ful and negative t houghts [132]. Since the skeleton acquired from Microsoft 

Kinect SDK [133] allowed us to track several points on the face and body of the 

speaker, we selected relevant points on t he head (X head , Yhead , Zhead ) and neck (X neck , 

Yneck , Zneck) · By means of the angle () between these points, we quantify the posture: 

() t 
_ 1 Yhcad - Yneck 

= an . 
Zhead - Zneck 

(2.1) 

The algorithm monitors the angle B. Specifically, a posture change is registered 

whenever the angle changes and then remains in a part icular range for at least 20s. 

Head Pose : We utilize t he face detection module of Microsoft Kinect SDK; it 

provides t he head posit ion in right-hand coordinates, in addition to yaw, pitch, and 

roll angles (see Fig. 2.7) . We identified the head pose from the yaw and pitch angles 

of the detected face. For t he sake of simplicity, the head pose of each part icipant 

was classified as straight, sidewards, or downward . The pitch value is negative when 

the person is looking down, and positive when the person is looking up. If this 

value remains posit ive or negative for at least lOs, the algorithm registers it as a 
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head pose. We use the sign changes in yaw values to determine the sidewards head 

pose; whenever the sign changes from positive or negative or vice versa, the person 

has moved his/her head sidewards. We also quantified the duration for which the 

participants remained in a particular head pose. 

Nodding: Nodding is intuitively a good indicator of agreement and disagreement 

between the speakers. Nodding is commonly of two types: Yes and No. We reg­

istered consecutive head movements as nodding in the algorithm. Vertical head 

movement was determined by the pitch value (see Fig. 2.7): the pitch value is neg­

ative when the person is looking down and positive when the person is looking up. 

Vertical nodding ("Yes") is typically associated with repeated changes in sign of 

the pitch. When such changes occur during a period of at least 4s, the algorithm 

registers the occurrence of vertical nodding. Similarly, horizontal nodding ("No") 

corresponds to repeated changes in the sign of the yaw (see Fig. 2.7). 

Hand Gesture Detection: We did not identify specific gestures, rather we quan­

tified how often the speaker made hand gestures. Specifically, we defined the number 

of hand gestures and the relative percentage of hand gesture made by both speakers 

as visual features. We calculate the distance between the right hand coordinates 

(Xrh, Yrh, Zrh) and the left hand coordinates (XIh, Ylh, Z1h): 

(2.2) 

The algorithm monitors the change in distance between the hands, if this change is 

greater than O.lm the algorithm recognizes it as a gesture. This threshold value has 

been experimentally determined. 
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2.4 Correlation Analysis 

This section presents the correlation analysis of sociometric indicators for each cor­

pus. First, we explore the interrelation between the social indicators themselves in 

the two corpora AC and AVC; then we provide examples of the relation between the 

social indicators and the nonverbal audio-visual features for the two corpora. The 

purpose of conducting this correlation analysis is to understand the relation between 

the indicators, in order to gain more insight into the hidden latencies among them 

and to express these relations in an engaging, visual manner. This analysis can help 

us identify the independent indicators and focus our attention on them. In addition, 

the study of the relation between indicators and audio-visual features can aid us to 

identify the most relevant non-verbal cues for each social indicator. Finally, these 

studies can uncover new relations between the indicators or features, which may be 

of interest to sociologists. 

2.4.1 Relation between sociometric indicators 

As mentioned earlier, the corpora AC and AVC have been annotated for ten social 

indicators viz. Politeness, Friendliness, Frustration, Empathy, Respect, Confusion, 

Hostility, Agreement, Dominance and Interest. The relationship between these indi­

cators is shown in Fig. 2.8 and Fig. 2.9. This type of a figure is called a "Schemma­

ball" [134] . This relation is based on the linear correlation coefficient between the 

indicators, which has been calculated for all possible pairs of indicators. The linear 

correlation is a measure of the degree of association in a linear sense between two 

variables. We calculate the linear correlation value Px, y between the annotation xi 

of the ith recording of one social indicator, say Politeness, with the annotation Yi 
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Table 2.4: Group of curves based on correlation coefficient values. 

Correlation coefficient values Group name 
[0.00, 0.33] weak 
(0.33, 0.66] moderate 
(0.66, 1.00] strong 

of another social indicator, say Friendliness, as follows: 

n 
L:(xi- x)(yi - y) 
i=l 

Px,Y = ~~n~=====n~=== (2.3) 
L:(xi - x)2 L:(Yi- y)2 

i=l 

where x and y denote the mean annotation value for all recordings of respective 

indicators. We have categorized these correlation coefficients into three groups, as 

explained in Table 2.4. 

These categories have been represented in Fig. 2.8 and Fig. 2.9 as the thickness 

of the curves joining any two indicators, where the thickest curve represents the 

"strong" category and so on. Moreover red curves indicate negative correlation 

(values E [-1.00, 0.00)), whereas green curves indicate positive correlation (values 

E [0.00, 1.00]). 

As can be seen from Fig. 2.8 and Fig. 2.9, there are strong positive correlations 

between Hostility and Frustration in both the corpora, whereas there are strong to 

moderate positive correlation between Politeness and Respect, between Politeness 

and Friendliness, and between Empathy and Friendliness. Similarly, there is strong 

to moderate negative correlation between Politeness and Hostility, between Hostility 

and Respect, and between Politeness and Frustration. All these relationships reaf­

firm the common perception that positive emotions such as Politeness, Friendliness, 

Empathy and Respect are positively inter-related. Similarly, negative emotions such 

as Frustration and Hostility are positively related to each other and on the whole are 

negatively related to the positive emotions in both corpora. These relations suggest 

redundancies among the indicators, and implies that we can reduce the number of 

NANYANG TECHNOLOGICAL UNIVERSITY SINGAPORE 

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



34 Chapter 2 Sociometries 

Positive Correlation 
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Figure 2.8: Correlation between indicators for AC corpus. 

Positive Correlation 
Negative Correlation 
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Figure 2.9: Correlation between indicators for AVC corpus. 
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indicators for the proposed real-time sociofeedback system, and yet provide feed­

back for a multitude of high-level social signals. From Fig. 2.8 and Fig. 2.9 it can be 

noted that the indicators Confusion, Agreement, Dominance and Interest are weakly 

correlated with each other and other indicators, and thus we can consider them as 

independent indicators. Also, another interesting observation is that Confusion did 

not appear to be correlated with any other indicator. It is also noteworthy that the 

correlations for the AC and AVC are very similar, suggesting that the annotations 

are stable across the two corpora. Moreover, the positive correlations are stronger 

for the AVC. This may be explained by the fact that the annotations are more con­

sistent for the AVC (see Table 2.2), leading to more significant correlations between 

the indicators. 

2.4.1.1 Relation between sociometric indicators and non-verbal audio­

visual features 

From the AC corpus, we extract various non-verbal audio features for each speaker 

(see Table 5.1). We extract the same audio features for the AVC corpus, in addition 

to non-verbal visual features (see Table 5.1). In Fig. 2.10 we depict the correlations 

between the non-verbal cues and the social indicators. This type of figure can be 

compared to a wheel; the social indicator is placed at the center as the hub of the 

wheel, whereas the non-verbal cues are placed on the wheel rim; the spokes of vari­

able thickness represent the correlations between the social indicator and non-verbal 

cues. As mentioned earlier, green and red spokes depict positive and negative corre­

lations respectively. In this section we provide two figures for each corpus, the other 

figures are included in Appendix .2. 

In Fig. 2.10(a), the inter-dependence between the social indicator Dominance and 

audio features from the NVAC dataset are shown. The social indicator Dominance 

has a strong positive correlation with the nonverbal features Turn Difference and 

Speaking Percentage Difference, which is understandable as a "dominant" person 
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(a) Correlation between Dominance and audio feat ures 
from AC corpus . 
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(b) Correlation between Agreement and audio features 
from AC corpus. 

(c) Correlation between Interest and audio-video features 
from AVC corpus. 

(d) Correlation between Hostility and audio-video features 
from AVC corpus. 

Figure 2.10: Correlation between social indicators (Dominance, Interest, Agreem ent, 
and Hostility) and audio-video features for AC and AVC corpora. 
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will speak more and hence will take more speaking turns in conversations. Also, it 

has a moderate negative correlation with Response Time, which we can interpret 

as a "dominant" person will respond quickly and will have less Response Time. 

Fig. 2.10(b) depicts the relationship between the social indicator Agreement and 

the audio features from the audio corpus (AC). The social indicatorAgreement has 

a strong negative correlation with Interrupt, indicating a conversation in which 

both speakers are in "agreement" with each other will have less interruptions. In 

Fig. 2.10(c), the relation between the social indicator Interest and the audio and 

video features from the audio-visual corpus (AVC) is shown. For the audio-visual 

corpus, the social indicator Interest is not strongly correlated with any of the fea­

tures, but is at most moderately correlated with a few of them. For example, it 

has moderate positive correlation with the feature Straight Gaze and has moderate 

negative correlation with Down Gaze. It shows that a person with greater "interest" 

in the conversation will mostly look straight into the other person and less down­

ward. Similarly, Interest has moderate negative correlation with Mutual Silence, 

indicating an "interesting" conversation will have less silence between the two par­

ticipants. Fig. 2.10(d) shows the relation between the social indicator Hostility and 

the audio-visual features from AVC. The social indicator Hostility has moderate pos­

itive correlation with Interrupt and Overlap which indicates that in a conversation 

where the speakers are "hostile" towards each other will have more interruptions 

and speaking overlaps. 

2.5 Audio Corpus (AC) 

In this section we describe the proposed automated system to infer speech manner­

isms (Section 5.1) and social indicators (Section 5.2) from non-verbal audio cues. 

The algorithms are trained and tested on the Audio Corpus (AC). 
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Table 2.5: Detection accuracies for the speech mannerisms of high/low volume and 
high/low speech rate. Confusion matrices are provided in the third column. 

Speech Mannerism Audio Feature Detection (%) Confusion Matrix 
L M H 

Speaking Volume 90 
92% 8% 0% 
7% 88% 5% 

loudly/ quietly 
0% 10% 90% 
L M H 

Speaking Speech Rate 84 
95% 5% 0% 
19% 72% 9% 

too fast/too slow 
0% 6% 94% 

Table 2.6: Detection accuracies for the speech mannerisms of long response time. 
Confusion matrix is provided in the right column. 

Speech Mannerism Audio Feature Detection (%) Confusion Matrix 
L H 

Slow Response Response Time 96 90% 10% 
2% 98% 

2.5.1 Speech Mannerisms 

From the speech cues, we evaluate a variety of speech mannerisms: the speech 

volume is excessively low /high, the speech rate is excessively low /high, and the 

speaker is taking an excessive time to react. The system screens important speech 

cues for every speech mannerism and checks whether any cue is anomalous. From the 

scores given by the judges, we can characterize speech mannerisms. For example, 

when the score for "This person was too loud" is 2.5 or higher, the speaker is 

considered to be too loud. 

In order to recognize such mannerisms from the speech cues, we selected certain 

thresholds. For instance, a volume level below 30 dB is classified as too low, and a 

volume level of over 80 dB is classified as too high; otherwise, the volume level is 

considered as normal. In this manner, we implemented a threshold-based scheme 

for automated classification of speech mannerisms. In Table 2.5 and 2.6 we have 
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listed the detection accuracies for each speech mannerism, along with the confusion 

matrices. Overall, the results suggest that basic speech mannerisms can be detected 

accurately from speech cues. 

2.5.2 Inferring Social Indicators from Non-verbal Audio Cues 

Here we describe the proposed system that infers social indicators from non-verbal 

audio cues (see Fig. 1.1). First we determine the most relevant non-verbal speech 

cues for t~ese social indicators by feature selection, next we infer the social indicators 

from the selected speech cues by multi-class classification. 

2.5.2.1 Feature Selection 

Since it is computationally expensive to calculate numerous audio features, espe­

cially in the context of real-time applications on smartphones or smartglasses, we 

applied the correlation coefficient technique [135] to determine the most salient 

non-verbal speech cues for inferring the sociometries. We applied the forward se­

lection [136] approach to select the most relevant features for classification. In 

forward selection, features are progressively incorporated into increasingly large sub­

sets, where we start with the most salient feature and then increase the subset until 

we obtain the best feature set. To determine the most significant feature set we 

apply leave-one-person-out cross-validation on the training data. The features are 

ranked based on their correlation coefficients and then the cross-validation is re­

peated with increasing feature subset until we get the best accuracy. In Fig. 2.11 we 

show the plot of social indicators against the audio features, where the values show 

the frequency of occurrence of the features in the selected feature set, thus showing 

their importance in obtaining best accuracy for the corresponding social indicator. 

In Section 2.4 and Appendix .2, we presented "wheel" diagrams showing corre­

lation of features for each social indicator, whereas Fig. 2.11 shows the frequency 

of occurrence of features in determining the best accuracy for each social indica­

tor. We can see some similarities between the wheel diagrams presented earlier in 
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Figure 2.11 : Colonnap of social indicators against t he audio features for AC. 

Section 2.4 and the colormap in Fig. 2.11. For example, Agreement is strongly and 

moderately negatively correlated with Interrupt and Overlap respectively, and both 

t hese features occur most frequently in the selected feature set that obtains the best 

accuracy. Similar arguments can be drawn for Interest (Appendix .2) , where t he 

social indicator is strongly or moderat ely related (positive or negative) to features 

Thrn Duration, Response Time, and Mean FO. These features prove to be the most 

reliable set of features to obtain t he best classification results. The indicator Domi-

nance is relat ed to several features such as Turn, Mean FO, or Response Time apart 

from Speaking Percentage Difference, but t he Speaking Percentage Difference alone 

forms the most reliable feature in obtaining t he best classification accuracy. It can 

be seen from t he "wheel" diagrams t hat at least one of t he features which is strongly 

correlated (posit ively or negatively) to au indicator , also occurs most frequently in 

the selected feature set for that indicator (see Fig. 2.11) . 
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2.5.2.2 Multi-class Classification 

The sociometries can take three values in the AC (1-3). We trained multi-class 

classifiers in a supervised manner, where the (rounded) average score provided by 

the judges served as labels for supervised learning. In this work, we considered eight 

kinds of multi-class classifiers: Support Vector Machine (SVM), Support Vector 

Ordinal Regression (SVOR) , Artificial Neural Network (ANN), k-Nearest Neighbor, 

Naive Bayes, Adaptive Boosting, Bagging, Random Subspace Ensembles, and Least 

squares Boosting, where the last four are ensemble classification methods [137, 138]. 

The classification performance is computed by leave-one-person-out cross-validation; 

for each participant the classifier was tested on the instances of that participant and 

trained on the instances of the other participants; next the average performance 

across all participants was computed. We tested both linear and RBF kernels for the 

SVM classifier, with parameters C for linear, C and a for RBF. These parameters 

were optimized using cross-validation on training part of the data. We used the 

parameter values which provided the best results. Similarly for KNN the number of 

nearest neighbors was chosen using cross-validation. For all other classifiers we used 

default values from Matlab documentation and Matlab toolbox [139, 140]. Table 2.7 

summarizes the classification results obtained for each sociometric. Table 2.8 lists 

the Root Mean Square error (RMSE) of the classifier with the best result along with 

the RMSE of a trivial classifier that always has the value 2 (medium) as output, 

which serves as a baseline for our assessment. The RMSE is computed between the 

average annotation value and the classifier output. We define the normalized RMSE 

(NRMSE) as follows: 

RMSE 
NRMSE = RMSE(baseline) x 100· (2.4) 

This measure allows us to easily compare the performance of the different classifiers 

with the baseline. The values of the NRMSE for the best classifier for each social 

indicator (see Table 2.7) are listed in Table 2.8. A lower value of NRMSE implies 

that our classifier is better in detecting the social indicator than the baseline. 
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Table 2. 7: The classification results achieved for each sociometric using various 
machine learning algorithms. 

Sociometries SVM SVOR ANN KNN Naive Bagging LSboost Ada boost Subspace 

Agreement 83% 76'7c 76% 82% 78'7c 84% 72% 64% 66% 
Dominance 86% 86'7c 80% 78% 81'7c 79% 84% 77% 83% 

Interest 82% 82~ 78% 79% 74~ 85% 82% 62% 74% 
Politeness 81% 70o/r 74% 68% 7lo/r 72% 67"A> 74% 74% 

Friendliness 49% 425'c 47% 50% 51% 49% 48% 48% 49% 
Frustration 44% 47~ 48% 46% 49~ 48% 42% 48% 50% 
Empathy 52% 59% 51% 42% 48~ 50% 45% 52'fo 53_'7o 
Re!!pect 53% 555'c 49% 40% 515'c 49% 0 46% 59% 52% 

Confusion 81% 74'7c 77% 63% 67'7c 78% 75% 73% 78% 
Hostility 77% 76'7c 66% 66% 70~ 74% 65% 76% 7~ 

Table 2.8: The RMSE values for the baseline and the best classifier for each social 
indicator (see Table 2.7), in addition to the NRMSE values. 

Social indicator RMSE RMSE (baseline) NRMSE 
Agreement 0.45 1.65 27% 
Dominance 0.32 1.52 21% 

Interest 0.38 1.53 24% 
Politeness 0.49 0.86 56% 

Friendliness 0.67 0.73 91% 
Frustration 0.71 0.77 92% 
Empathy 0.61 0.65 93% 
Respect 0.59 0.75 78% 

Confusion 0.43 0.87 49% 
Hostility 0.49 0.91 53% 

The numerical results in Table 2. 7 show that Agreement, Dominance, Interest, Po­

liteness, Confusion, and Hostility can be detected accurately from non-verbal audio 

features. On the other hand the accuracy for Friendliness, Frustration, Empathy, 

and Respect is low. Therefore, we conclude that for some social indicators non­

verbal cues may not have sufficient information. As expected, classifiers with poor 

classification performance (see Table 2.7) have large NRMSE values (see Table 2.8). 
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2.6 Audio-Visual Corpus (AVC) 

In t his section, we discuss our analysis of the AVC. Vve consider three feature sets 

(audio, video, and audio-visual based) for all t he sociometric indicators. First we 

elaborate on t he most relevant visual features for t he sociometries. Next we explain 

how we infer t he sociometries from the most relevant audio and visual cues, and 

present classificat ion results for the t en sociometries. 

2.6 .1 Feat ure Se lection 

E Ill c c a. a. a. c ~ It: Ill Ill Ill 0 0 0 0 0 0 0 0 ~ N .., ~ N .., u u 0 .Q 1!1 0 . 0 iii u E u. u. u. u. > > > > u. u. u. u. u. u. ~ c u 2 2 ~ 
:;:; Cll c ,., ,., u 

1- ~ ti (i; ! f! c ~ 
a: .!! F c X ,., c c X ,., c a. a. ,., u. 

Ill Ill > ~ 1!1 a. 1!1 
~ 1!1 a. 1!1 e e a. ~ 

~ ~ i . .c Ui Ill e e ·co ·co c 0 ~ Ql ~ e c 0 1!1 Cll u II) 
~ 

Ill c c c 
i5 Ill Ql 

Ill c Ill iii c c c ~ c 1!1 c c "0 E a. i Ill 0 w w w Ill 
.!! a. ~ a. w w 

~ E ~ (/) 1!1 ~ Cll "iii 1- Ill (/) II) 
~ c a. ~ Ill 
1- i u. (/) a: 

1!1 
Ql 
a. 
(/) 

Figure 2.12: Colm·map of social indicators against the audio features for AVC. 

Similar to Section 2.5.2.1 , we applied correlation coefficient technique [135] to de­

termine the most salient features for inferring the sociometries. We applied forward 

selection [136] to determine the best configuration of features. In Fig. 2.12 and 

Fig. 2.13 we show the plots of social indicators against the audio and video features 

respectively. We determine the best feature set that obtains the highest classifica­

tion accuracy t hrough forward feature selection . The values in the colormaps show 
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t he frequency of occurrence of each feature in t he selected feature set t hat obtains 

best accuracy for the corresponding social indicator. T herefore, we can get an idea 

about t he significance of each feature in determining the best accuracy for t he social 

indicator from Fig. 2.12 and Fig. 2. 13. 
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F igure 2. 13: Colormap of social indicators against the video features for AVC. 

T he values in Fig. 2.1 2 and Fig. 2.13 can similarly be compared to t he "wheel" 

diagrams from Section 2.4 and Appendix .2. The "wheel" diagrams show the con e­

lation of features for each social indicator , whereas colormaps show the significance 

of each feature in obtaining highest accuracy. The comparison shows t hat in most 

of t he cases at least one of t he features with high value in Fig. 2.12 or Fig. 2.13 also 

has a strong correlation (posit ive or negative) in "wheel" diagrams from Section 2.4 

and Appendix .2. 
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Table 2.9: The best classification results achieved for each sociometric. Each row 
shows the social indicator, where the columns represent the feature set used and the 
best algorithm for each indicator. 

Sociometries Audio Classifier Video Classifier Audio-Visual Classifier 

Agreement 80% SVM 72% SVM 81% Naive 
Dominance 86% SVOR 88% Adaboost 90% SVOR 

Interest 89% SVM 86% ANN 92% SVM 
Politeness 75% SVM 71% SVM 76% SVM 

Friendliness 54% SVOR 63% SVOR 63% SVM 
Frustration 67% SVOR 69% SVM 67% SVOR 
Empathy 53% Bagging 63% SVM 67% SVOR 
Respect 54% SVOR 60% SVM 62% SVM 

Confusion 89% SVM 88% SVM 89% SVM 
Hostility 72% SVM 74% SVM 72% SVM 

Table 2.10: The RMSE values for audio-visual classification and the baseline, in 
addition to the NRMSE values. 

Sociometries RMSE RMSE (baseline) NRMSE 
Agreement 0.41 0.85 48% 
Dominance 0.35 0.97 36% 

Interest 0.32 0.97 32% 
Politeness 0.61 0.71 85% 

Friendliness 0.59 0.77 76% 
Frustration 0.57 0.89 64% 
Empathy 0.55 0.72 76% 
Respect 0.66 0.75 88% 

Confusion 0.31 0.92 33% 
Hostility 0.49 0.89 55% 

2.6.2 Multi-class Classification 

As in the AC, the social indicators in the AVC can take three values on the likert 

scale (1-3). Similar to AC analysis, we trained multi-class classifiers in a supervised 

manner from the newly collected AVC. The (rounded) average score provided by the 

judges served as labels for supervised learning. We utilized the same machine learn­

ing algorithms as for the AC (see Section 2.5), and the classification performance 

was again computed by leave-one-person-out cross-validation. 

The numerical results in Table 2.9 suggest that the audio modality crucial for infer-
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ring the social indicators, and generally leads to better results when compared to the 

visual modality. In addition, combining the audio modality with the visual modality 

significantly enhances the classification. The improvement in accuracy by including 

visual information is 14% for Empathy, 9% for Friendliness, 9% for Respect, 4% 

for Dominance, 3% for Interest, 1% for Agreement, and 1% for Politeness. For the 

AVC the accuracies follow a trend similar to the AC. The accuracies for Agreement, 

Dominance, Interest, Politeness, Confusion and Hostility are the highest followed by 

Frustration, Empathy, Friendliness, and Respect. An interesting observation from 

Table 2.9 is the increase in accuracy for Friendliness, Empathy, and Respect when 

visual cues are included. Therefore these results indicate the significance of visual 

features for the inference of various social indicators. Similar to AC, classifiers with 

poor classification performance (see Table 2.9) have large NRMSE values (see Ta­

ble 2.10) . 

2.7 Combined Audio Analysis of AC and AVC 

Ultimately, we aim to develop systems that can provide reliable social indicators in 

a large variety of scenarios and conditions, e.g., for dialogs at the workplace, in the 

outdoors, or at informal meetings. Obviously, our AC and AVC on the other hand 

are collected in a controlled environment, and therefore, the results reported so far 

might be optimistic. To emulate a variety of recording conditions, we also conducted 

an experiment where we combined the audio recordings of the AC and AVC, and 

trained classifiers based on this merged data set. Note that the recording conditions 

for both the AC and AVC are quite different: The duration of conversations in both 

corpora is different (2.5- 3 minutes vs. 1 minute); also in the AC, both speakers were 

participants, whereas in the AVC, only one speaker was a participant, while the 

other was a facilitator. To test the robustness of our approach, we combined the 

audio data for both corpora, and trained a 3-class classifier on this mixed data set 
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Table 2.11: The accuracies for 3-class classification for the AC and AVC combined. 
The right column shows the best performing classifier for each indicator. 

Sociometric AC-AVC Classifier 
Agreement 78% SVM 
Dominance 81% SVOR 

Interest 74% SVOR 
Politeness 65% Naive 

Friendliness 62% SVOR 
Frustration 69% SVOR 
Empathy 58% SVOR 
Respect 51% Ada boost 

Confusion 81% SVM 
Hostility 73% Bagging 

Table 2.12: The RMSE values for combined audio classification and the baseline, in 
addition to the NRMSE values. 

Sociometries RMSE RMSE (baseline) NRMSE 
Agreement 0.56 0.65 86% 
Dominance 0.52 0.77 68% 

Interest 0.48 0.53 67% 
Politeness 0.60 0.79 76% 

Friendliness 0.65 0.74 87% 
Frustration 0.67 0.82 81% 
Empathy 0.60 0.68 88% 
Respect 0.63 0.74 84% 

Confusion 0.36 0.89 41% 
Hostility 0.49 0.89 55% 

to assess the classification of all the social indicators. We applied the same classifi­

cation algorithms as before. We performed a leave-one-person-out cross-validation 

analysis by means of the associated audio annotations (from the AC and AVC). 

To our knowledge, such analysis of mixed data, stemming from multiple indepen­

dent recordings, has never been conducted in the context of automated behavioral 

analysis, although it is critical for assessing the robustness of the sociometries. We 

also normalized the feature values by duration, to cater for different conversation 
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duration in both corpora. 

Considering the substantial difference between both corpora, results in Table 2.11 

show that we can still predict the sociometries with reasonable reliability. The 3-

class classification performance is above 70% for Interest, Dominance, Agreement, 

Confusion and Hostility. The NRMSE values from Table 2.12 confirm that classi­

fication of social indicators is better than baseline in all the cases. The difference 

between the classifier RMSE and the baseline RMSE is larger for social indicators 

with higher accuracy, except for Agreement where the classifier RMSE is only mod­

estly below baseline RMSE. Overall this suggests that the system might be applied 

in real-life scenarios, where the context and conditions of conversations may vary 

significantly. Of course, additional tests in real-life scenarios would be required to 

further validate this claim. 

2.8 Computational Complexity 

In this section we provide information regarding the computational complexity of 

our system. For this purpose, we analyzed conversations of different durations and 

determined the time required for the analysis. Sociometric analysis has four ma­

jor computational parts: speech detection, initialization, feature extraction, and 

machine learning. In speech detection, the speech and non-speech portions in the 

audio recordings are separated. During initialization, all variables are initialized 

before analysis. In the feature extraction step, the most salient prosodic and con­

versational features are computed. In the machine learning step, the best performing 

machine learning algorithms are applied to the feature sets in order to infer speech 

mannerisms and social indicators. In Table 2.13 we show the conversation duration 

in seconds in the left column, and the corresponding elapsed time for speech detec­

tion, initialization, feature extraction, and sociometric analysis in the right columns. 
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Table 2.13: Computation time (in seconds) for the sociometric system. From left 
to right: duration of the conversation (in seconds), speech detection, initialization, 
feature extraction, and machine learning. 

Duration Speech Initialization Feature Machine Total 
detection extraction learning 

30 2.3 0.57 1.3 0.03 4.14 
60 4.2 0.57 2.5 0.03 7.25 
90 7.4 0.58 4.4 0.03 12.40 
120 9.8 0.56 6.2 0.03 16.60 
180 12.4 0.57 8.2 0.03 21.22 
270 22.2 0.57 16.3 0.03 39.10 

It is noteworthy that the time for initialization is independent of the duration of 

the conversation, since the number of variables is fixed. Likewise the computation 

time for machine learning does not grow with the length of the conversation, as 

the number of features is fixed. On the other hand, the time required for speech 

detection and feature extraction scales approximately linearly with the conversation 

length. As a result, also the total analysis time scales linearly with the duration of 

the conversation, yet remains small compared to the duration of the conversation 

(see Fig. 2.14). Consequently, the proposed sociometric system can be used for real­

time analysis of ongoing dyadic conversations. In the next section, we will describe 

our implementations on several ubiquitous platforms. 

2.9 Summary 

Social interactions play a significant role in learning and shaping the norms and 

productivity in individuals, teams, departments and organizations. Recent advance­

ment in technology has led to growing expectations of building real-time systems 

that can promote behavioral changes. Although increasing effort to develop systems 

that are capable of automatically analyzing human behavior are ongoing, numerous 

challenges such as decoding social interactions, providing feedback, and implemen­

tation concerns still remain. In this work we have tried to address few of these 
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Figure 2.14: Analysis time for conversations of different durations. 

issues by introducing a system capable of inferring multiple social indicators using 

non-verbal audio-visual features, with low computational complexity. 
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Chapter 3 

Feedback Platforms 

In this chapter, we will focus on the details of various feedback platforms that we 

have prepared for the Sociofeedback system. In section 3.1, we present the imple­

mentation of the real-time sociometric feedback system on VoiP (Skype) platform. 

In section 3.2 we present the implementation on the Android smartphone and smart­

glass platforms. 

3.1 VoiP 

Currently, VoiP (Voice over Internet Protocol) technology is ubiquitous especially 

because of the proliferation of such applications as Skype, Viber, and GoToMeeting 

[141-143]. To integrate our social analysis with VoiP we chose the service Skype [144] 

because of its popularity. The first challenge in this task was to be able to record 

each speaker on separate files. We used appropriate settings on a Skype recorder (a 

software called SuperTintin [144, 145] for Skype) to capture the audio-video data of 

each participant of the Skype call on two separate files. Subsequently, we separated 

the audio from the video data and fused the audio data on a single 2-channel audio 

file at a sampling frequency of 8 kHz, where each channel contained the audio data of 

only one person. The recordings were automatically stored in segments of 1 minute. 
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We interfaced Matlab [139] with the recorded audio through a file event handler 

which began the analysis as soon as a new recording file was saved. 

In Matlab, the recorded files were processed as described in the previous sections, 

Dominance Interest Agreement 

Figure 3.1: Sociometric analysis during a conversation on VoiP (Skype). The two 
speakers are shown in the bottom left , where the two audio-video streams captured 
from Skype. Non-verbal speech cues are reported in the bottom right corner , whereas 
the social indicators are shown at the top. 

including speech detection, feature extraction, and sociometric analysis. Feedback 

messages may be communicated to the users through the Skype API [146] which 

allows external applications to send messages over Skype. 
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MATLAB ENVIRONMENT 

TCP SERVER/CLIENT 

FEEDBACK ON ANDROID PLATFORMS 

GOOGLE GLASS 

SMARTPHONE 

Figure 3.2: Sociofeedback on smartphones and smartglasses. Based on the social 
indicators, feedback messages are generated , which in turn are sent to t he smart­
glasses(bottom left and middle) and smartphone(bottom right ). 

3 .2 Smartphones and Smartglasses 

In the VoiP implementation discussed in the previous section, the non-verbal cues 

and social indicators are displayed on the screen and updated continuously during 

the conversation. Here we first discuss an alt ernative approach, implemented on 
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the Android platform [147]; instead of displaying the indicators, we send messages 

to the user whenever the non-verbal cues and social indicators are in an abnormal 

range (see Table 3.1) , and then introduce the smart glasses used. 

3.2.1 Technical Details 

Since Android devices often have small displays (e.g., smartglasses or smartwatches), 

only limited information can effectively be displayed; therefore, it is more adequate 

to send short messages to the user whenever feedback to the user is required on 

his/her speech mannerisms or social behavior, instead of displaying a plethora of 

measures. Although the design shown in Fig. 3.5 could easily be implemented on 

Android devices, it would be less effective for devices with small displays such as 

smartglasses or smartwatches. To develop a prototype application we selected An­

droid as our platform of choice because if its popularity and free access. As discussed 

in the previous section the analysis was conducted in Matlab environment; we used 

machine learning algorithms to infer various social indicators. The challenge in this 

case was to interface Matlab with an Android application such that the sociometric 

inference could be communicated to the user on his/her Android device. This inter­

facing was achieved through the TCP server and client approach, where the TCP 

server operated on the same computer where the sociometric analysis was performed 

in Matlab, and listened to the incoming client connection, specifically, the Android 

device. Once the application is launched on the Android device, it connects to the 

TCP server and information from the sociometric system is sent to the Android 

device (see Fig. 3.2) . In this implementation, we provide feedback to the user about 

the speech mannerisms and social behavior. An example of the feedback message 

on the Sociofeedback Android application can be seen in Table 3.1. Table 3.2 shows 

the combinations of audio features and values of the social indicators of agreement, 

dominance, and interest that trigger the feedback messages shown in Table 3.1. 
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Table 3.1: Feedback messages on Android smartphone (left ) and smartglasses 
(right) . 

NANYANG TECHNOLOGICAL UNIVERSITY 

a speaker is speaking 
too softly, the system 
will ask t he speaker 
to speak at a louder 
voice. 
Too noisy : When 
a speaker is speak­
ing too loud, the sys­
tem will recommend 
the speaker to lower 

voice. 
interrupting: 

The system will ask 
the speaker to stop 
interrupting if the 
speaker is interrupt­
ing too often. 
Calm down: The 
system will ask the 
speaker to calm down 
if the speaker is too 
aggressive. 

syst em will ask the 
speaker to slow down 
when he/ she is speak­
ing too much. 

Uninter est ed : The 
system will invite the 
speakers to contribute 
more to the discus­
sion, when both of 
the speakers have not 
been speaking for a 
period of time. 
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Table 3.2: Combinations of audio features and machine learning output that trigger 
corresponding feedback messages(first column). 

Feedback Speaking Speech Volume Agreement Dominance Interest 
percentage rate 

Speak louder Low 
Too noisy High 

Stop interrupting Low 
Calm down High Low High High 
Slow down High 

Uninterested Low Low 

3.2.2 Smartglasses 

We also developed applications for two smartglasses: Vuzix Ml 00 and Coogle Glass 

[148, 149]. 

3.2.2.1 Vuzix smart glass 

Figure 3.3: The Vuzix M100 Smart Glass. 

The Vuzix MlOO Smart Glass as shown in the figure below, is the first smart glass 

in the market. This Vuzix M100 Glass is an Android-based wearable computer, 

based on the Android 4.0.4 operating system, with an enhanced monocular display, 

speaker and a high-definition camera. It can be used as a stand-alone device and 

has various integration means such as, pairing with an Android device or wirelessly 

connecting with other devices and the Internet. In addition to the multiple choices 
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of connections with devices, the Vuzix MlOO Smart Glass is more industrial oriented 

whereby the glass can also be mounted on the safety glass and headbands for op­

erations use. For t his sociofeedback interface, virtual keyboard is required to enter 

t he IP address for client server connections. This is achieved by downloading the 

available Smart Glass Manager application for Android devices that provides more 

t radit ional tap and drag interface style and provides keyboard input . As such , the 

applications installed on the MlOO Glass can be cont rolled and managed through 

the partner device via Bluetooth connection as shown in t he figure below. 

c. 0 •• 

Figure 3.4: The Smart Glass Manager and the Carousel on the MlOO. 

3.2.2.2 Google Glass 

Google Glass is another Android-based headset that a user can wear just like an or­

dinary pair of glasses with the ability to interact using natural language commands. 

Google Glass uses their signature OK Glass prompt to perform a wide array of 

functions that smart phones and other hand held devices perform today. These 

include making and receiving calls, taking and sharing picture on the go and the 

most highly publicized function , the hands free Google navigation. Google Glass 

in fact goes beyond functionality of smart phones as it can be used in wet weather 

conditions, including rain or snow. 

3.2.2.3 Smartglasses Implementation 

Both the platforms use Android as Operating System but due to separate APis 

we needed to develop separate applications for each type of smartglasses. The app 
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Figure 3.5: The Coogle Glass. 

development for the Vuzix MJOO smartglasses is done in Eclipse with Android Soft­

ware Development Kit (SDK) as the development environment. The application for 

Google Glass was developed in the Android Studio 1.0 with the Glass Development 

Kit (GDK). We applied the TCP server-client format for interfacing, as mentioned 

earlier. The processed audio from Matlab is received as a string and this string is 

then decoded for corresponding feedback type chosen earlier. An example of feed­

back messages on the Sociofeedback application on Vuzix and Google Glass can be 

seen in Table 3.1. 

3.3 Summary 

We presented a few implementations, including VoiP (Skype), Android smartphones, 

and smartglasses (Vuzix MJOO and Google Glass) which can be considered as the 

trending technologies of the present, and the technologies that have a significant 

growth potential in the future. Our system works in continuous time for these im­

plementations as we apply a sliding window. This is different from most studies, 

which are done on one existing corpora in an offline manner. The implementation 

of our proposed sociofeedback technology on VoiP, smartglasses, and smartphones 

can add tremendous value to existing technologies, and also pave way to novel in­

novative technologies. For examples: apps on smartphones could make use of the 
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sociofeedback technology to infer internal states of users to promote self-awareness, 

positive psychology, and mindfulness [150]. Such apps would generate big data on 

social and emotional indicators that is valuable for understanding human behavior. 

Such apps can also be utilized by telemedicine (VoiP enabled) to monitor the effect 

of treatments or drugs on the mood of patients. 

NANYANG TECHNOLOGICAL UNIVERSITY SINGAPORE 

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



Page intentionally left blank 

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



Chapter 4 

Sociofeedback via Nao Robot 

In this chapter, we present an application of the Sociofeedback system for social 

robotics. In section 4.1 we overview the sociofeedback system and explain how we 

interfaced the sociofeedback system with a Nao humanoid robot. In section 4.2 we 

present the Godspeed questionnaire frequently used for research in the domain of 

human robot interaction. In section 4.3, we present the motivation behind the two 

user studies that we conducted with Nao robot. In sections 4.4 and 4.5, we present 

the experimental design and results for the user studies and discuss our findings. 

4.1 The Sociofeedback System Overview 

In this section we briefly describe the sociofeedback system. The overall system 

is illustrated in Fig. 1.1. This system is based on our earlier work [41], where we 

developed a machine learning system that is able to infer the levels of interest, 

dominance, and agreement with 85%, 86% and 82% accuracy respectively. In the 

following, we first explain the hardware setup for audio recording of conversations. 

Next, we briefly describe the extraction of nonverbal speech cues. Then, we explain 

how we infer social states from those cues. Finally, we explain how Nao determines 

social states to provide real-time sociofeedback. 
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4.1.1 Sensing and Recording 

We adopted easy-to-use portable equipment for recording conversations; it consisted 

of lapel microphones for each of the two speakers and an audio H4N recorder that 

allowed multiple microphones to be interfaced with the laptop. The audio data was 

recorded in brief consecutive segments as a 2-channel audio . wav file. 

4.1.2 Extraction of Non-Verbal Cues 

We considered two types of low-level speech metrics: conversational and prosody 

related cues. The conversational cues account for who is speaking, when and 

how much, while the prosodic cues quantify how people talk during their conver­

sations. We computed the following conversational cues: the number of natural 

turns, speaking percentage, mutual silence percentage, turn duration, natural in­

terjections, speaking interjections, interruptions, failed interruptions, speaking rate 

and response time [41]. Fig. 4.1 illustrates different conversational cues. Black indi­

cates the time instants when the participant is speaking, whereas white depicts the 

periods when the participant is silent. 

We considered the following prosodic cues: amplitude, larynx frequency (FO), for­

mants (F1, F2, F3), and mel-frequency cepstral coefficients (MFCCs). These cues 

are extracted from 30ms segments at a fixed interval of 10ms; they tend to fluctuate 

rapidly in time. Therefore, we compute various statistics of those cues over a time 

period of several seconds, including minimum, maximum, mean and entropy to infer 

speaking mannerism. 

4.1.3 Social State Estimation 

In our earlier work [41], an audio corpus of 150 conversations the subjects from 

both corpora are students of Nanyang Technological University (NTU). The total 

number of individuals that participated in the corpus was 22, of which 17 were males, 
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Status of both speakers !Speakmg/Non-Speakmg 

Natura l Turn 

Interruption 

Failed lnterrupt1on 
= 

I nterJeCtlon 

Figure 4.1: Illustration of turn-taking, interruption, failed interruption, and inter­
jection. Those conversational cues are derived from the binary speaking status 
(speaking vs. non-speaking) . 

and 5 were females. The age of the students varies from 18 to 30. The topics of 

conversations ranged from discussion of assignments, projects of students, to social 

and political views. In some of the dialogs, there are problematic situations such 

as conflicts and disagreements, periods of boredom, aggressive behavior, or poorly 

delivered speech (e.g., low volume or fast pace). 

Each recording in the corpus was annotated by multiple people ("judges"), each 

assessing a subset of the corpus. For each recording in the corpus, the judges 

completed a questionnaire related to speaking mannerisms and behavioral aspects 

of each participant. For example, if a participant seemed bored to the annotator, 

the latter would assess the interest level as "low"; in contrast, if the participant 

seemed excited, the annotator would quantify the interest level as "high". 

The annotation served as labels for supervised learning of machine learning clas­

sifiers. Once the speech cues were calculated, they were fed to machine learning 

algorithms. We considered four kinds of multi-class classifiers for inferring the social 

state of the participants: K-Nearest Neighbor (KNN) [151], Artificial Neural Net­

work (ANN) [152], Naive Bayes [152], and Support Vector Machine (SVM) [153] . 

Speaking mannerism are quantitatively assessed by low-level speech metrics of vol-
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ume, and speech rate. The social behavior is quantified by sociometries including 

level of interest, agreement, and dominance. Together, they provide a comprehensive 

picture of the social state of participants in dialogs. 

We performed these calculations in Matlab on a 2GHz dual-core processor with 2GB 

RAM. It took approximately 3-5 seconds to perform speech detection and compute 

speech cues from 1 min dialogs, and to perform multi-class classification, yielding the 

levels of interest, agreement, and dominance. Therefore, on that computer platform, 

the total time required for inferring those social indicators from a 1 min dialog is 

about 3-5 seconds, allowing us to perform such analysis in real-time settings with 

limited delay. We conducted a user study of this sociofeedback system [41], by 

integrating it with a humanoid Nao robot. 

4.1.4 Feedback Generation via Nao 

As mentioned earlier, the social indicators are computed in Matlab. We integrate 

Nao into this system by transmitting the output of the Matlab script to Nao through 

the TCP /IP server-client framework. More precisely, once the Matlab script deter­

mines the social state, it sends a feedback message to Nao via TCP /IP, and Nao in 

turn delivers the message to the speaker(s) via speech supported by gestures. The 

Nao robot has 25 degrees of freedom, since it is equipped with numerous sensors 

and actuators, including inertial sensors, infrared and sonar receivers coupled with 

its axes. This multitude of sensors and actuators provide the robot with high level 

of stability and fluidity in its movements. However, in our experiments we only used 

very basic movements to simulate gestures along with text to speech generation in 

order to deliver the audio message. The time taken by Nao to deliver the audio 

message, along with gestures was approximately 3 to 4 seconds. Table 4.3 provides 

an overview of the feedback messages considered in this study. We chose these par­

ticular scenarios because the sociofeedback system was trained on a corpus of dyadic 

conversation with similar scenarios. 
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4.2 Godspeed Questionnaire 

In this section we present the Godspeed questionnaire used for getting participant's 

opinion regarding their interaction with the robot. In our research we used a modi­

fied version of Godspeed questionnaire. 

Table 4.1: List of Godspeed categories and the criteria associated with each category. 

Anthropomorphism 

Fake 1 2 3 4 5 Natural 

Machinelike 1 2 3 4 5 Humanlike 

Unconscious 1 2 3 4 5 Conscious 

Artificial 1 2 3 4 5 Lifelike 

Moving rigidly 1 2 3 4 5 Moving elegantly 

Animacy 

Dead 1 2 3 4 5 Alive 

Stagnant 1 2 3 4 5 Lively 

Mechanical 1 2 3 4 5 Organic 

Artificial 1 2 3 4 5 Lifelike 

Inert 1 2 3 4 5 Interactive 

Apathetic 1 2 3 4 5 Responsive 

Likeability 

Dislike 1 2 3 4 5 Like 

Unfriendly 1 2 3 4 5 Friendly 

Unkind 1 2 3 4 5 Kind 

Unpleasant 1 2 3 4 5 Pleasant 

Awful 1 2 3 4 5 Nice 

Perceived Intelligence 

Incompetent 1 2 3 4 5 Competent 

Ignorant 1 2 3 4 5 Knowledgeable 

Irresponsible 1 2 3 4 5 Responsible 
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Unintelligent 1 2 3 4 5 Intelligent 

Foolish 1 2 3 4 5 Sensible 

Perceived Safety 

Anxious 1 2 3 4 5 Relaxed 

Calm 1 2 3 4 5 Agitated 

Quiescent 1 2 3 4 5 Surprised 

4.3 Experiments 

In this section, we explain the two sets of experiments that we have conducted. In 

the first set of experiments (see Section 4.4) , we investigate whether the participants 

can understand the feedback messages delivered by Nao robot. We also explore 

different ways to deliver the feedback messages, viz., only by audio or by audio 

combined with gestures. In the second set of experiments (see Section 4.5), we 

investigate the perception of the Nao robot when it provides feedback for dyadic 

conversations. In this setting, the Nao robot provides feedback to the participants 

after brief conversations. Table 4.2 lists the user studies that we have conducted 

along with the objectives of each user study. 

In our experiments we we obtained feedback from the users about the N ao robot by 

means of Godspeed questionnaires [66]. In the Godspeed questionnaire the partici­

pants rated their perception of the robot on different criteria. The Godspeed ques­

tionnaire contains a collection of measures for evaluating a social robot, including 

anthropomorphism (similarity to human form), animacy (life likeness), likeability 

(personal likeness of the participant), perceived intelligence, and perceived safety of 

the robot. 
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Table 4.2: List of experiments conducted and their objectives. 

Experiment Objectives 

Identification 1-To determine the accu-
of Feedback racy with which the partie-
Messages ipant can identify feedback 

messages delivered by Nao. 

2-To compare audio and 
gesture modalities for feed-
back delivery , assessed by 
Godspeed questionnaires. 

Integration with 1-To determine the accu-
the Sociofeed- racy with which the so-
back System ciofeedback system can an-

alyze and generate feedback 
messages for real conversa-
tions. 

2-To investigate how the 
participants assess the Nao 
robot by means of God-
speed questionnaires. 

4 .4 Exp eriment 1: Ident ificat ion of Feedback Mes-

sages 

There were 20 {16 males and 4 females) participants in this first set of experiments 

with a mean age of 25 and SD of 2.42. All participants are NTU students. As the 

medium of instruction at NTU is English, all participants could easily understand 

the feedback messages delivered by Nao robot. The experiments were conducted in 

a meeting room similar to the one shown in Fig. 1.1. 

Each experiment in the first set lasted about 20 minutes, and comprised of two ses­

sions (see Fig. 4.2). First the participants were asked to identify a random sequence 

of eight messages that were delivered by audio only (without gestures), next the 

same is repeated for messages delivered by audio and supported by gestures. After 

each message, there was a brief break in which the participants selected the feed­

back message that they believed the Nao robot had just delivered. The participants 
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Table 4.3: Sociofeedback delivered by the Nao robot: gestures (left) and speech 
(right). 

Gestures Descript ion 

Normal: "Good, carry on." Nao 
provides this feedback when a 
smooth conversation is going on. 

U ninterested : "You both seem 
uninterested ." Nao will invite the 
speakers to contribute more to 
the discussion, when both speak­
ers have not been speaking for a 
period of time. 

Overly talkat ive: "You are 
t alking a lot". N ao will ask 
the speaker to slow down when 
he/ she is speaking too much. 

Aggressive: "Please calm 
down" . N ao will ask the speaker 
to calm down if he/ she is being 
too aggressive. 

Too silent : "I am sorry, but I 
cannot hear you" . When one or 
both of the speakers are speaking 
too soft ly, N ao will ask them to 
increase their volume. 

Too loud: "Please lower your 
volume". When the speakers are 
speaking too loudly, N ao will give 
feedback about the noise. 
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Figure 4.2: Different components of t he experimental procedure. The experiments 
last about 20 minutes, with estimated duration of each component as indicated . 

Table 4.4: Percentage of correctly identified feedback messages. Results are shown 
for each of the feedback messages, delivered by audio only messages and by a com­
bination of audio and gestures. 

Too Too Overly 
Modality Aggressive Uninterested 

silent loud talkative 

Audio 84.2% 68.4% 89.4% 89.4% 78.9% 

Combined 84.2% 100% 94.7% 100% 100% 

were given t he possible answers and t hey had to choose one of t hem. After each 

of the two sequences of eight messages, the part icipants were asked to complete a 

Godspeed questionnaire about t heir experience with t he Nao robot. 

In this experiment, t he part icipants were not asked to be a part of an active conver­

sation ; instead they were briefed about t he context, and were then asked to judge 

the sociofeedback delivered by t he Nao robot (feedback messages illustrated in Ta­

ble 4.3). The part icipants were not informed about t he correct answers after each 

session , in order to minimize the learning effect. 

With t hese experiments, we aimed at testing the hypothesis t hat feedback messages 

can be ident ified more accurately when Nao uses gestures along with audio as com­

pared to only audio feedback. We also hypothesized that the feedback delivered by 
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both audio and gestures will be rated higher on Godspeed questionnaire criteria, as 

compared to feedback provided by only audio messages. 

In our questionnaire (see Table 4.5), there were two questions associated with each 

of the five measures of Godspeed questionnaire. Our questionnaire was a subset of 

the original Godspeed questionnaire, as we wanted to keep the experiments short. 

4.4.1 Results for Feedback Identification 

Our results are summarized in Table 4.4, showing how often (percentage) each of 

the feedback messages were correctly classified in each of the sessions. It can be 

seen from Table 4.4 that most of the feedback messages seem to be perfectly un­

derstandable when the audio messages are combined with gestures. There is room 

for improvement for the "Too silent" scenario. It is also clear from Table 4.4 that 

combining audio messages with gestures helps to improve the clarity of the feedback 

messages, as compared to audio messages only. To verify whether this improvement 

is statistically significant, we applied a repeated measures single-factor ANOVA sta­

tistical test to the responses of the 20 participants. The p-value associated with 

audio only vs. combined audio and gestures equals 0.027, which is clearly below 

0.05, thus the corresponding improvement in accuracy is indeed statistically signifi­

cant. These statistics indicate that sociofeedback is easier to identify when delivered 

through both audio and gestures. Also the results show that audio plays a more 

vital role in the delivery of the feedback messages while gestures help in improving 

the clarity of the message. 

4.4.2 Results for the Godspeed Questionnaire 

Our results are summarized in Table 4.5, showing the average scores for both con­

ditions and the corresponding p-values of repeated measures single-factor ANOVA 

test. It can be seen that for each of the five measures (except perceived safety), at 

least one of the two questions is having a significant change in its value. Specifically, 
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the Godspeed scores are higher for feedback that includes both audio and gestures. 

The score for likeability is the highest, and the change in value for friendliness is 

Table 4.5: Average values of Godspeed questionnaire(5-likert scale). 

Characteristics P-values 
Average Average 

(audio) (combined) 

Anthropomorphism 
0.017 2.94 3.52 

Machine/human like 

Moving rigidly /elegantly 0.002 2.36 3.26 

Animacy 
0.129 2.89 3.26 

Mechanical/ organic 

Inert/interactive 0.046 3.15 3.63 

Likability 
0.110 4.26 4.63 

Dislike/like 

Unfriendly /friendly 0.008 3.73 4.26 

Perceived Intelligence 
0.009 3.31 3.63 

Ignorant /knowledgeable 

Unintelligent /intelligent 0.186 3.42 3.57 

Perceived Safety 
0.741 2.36 2.26 

Calm/agitated 

Quiescent/ surprised 1 2.84 2.84 

significant. In other words, the participants seem to like the Nao robot, and by in­

cluding gestures, the robot is perceived as even more friendly. Anthropomorphism 

also has good ratings, and the increase in values by adding gestures is significant 

for both questions. Moreover, the interactivity of the robot increases significantly 

when gestures are included. Likewise, the participants perceive the robot as more 

knowledgeable when it uses gestures, but the value does not change significantly 

for the intelligence shown by the robot. The low perceived safety values suggest 

that the participants were calm and quiescent in the presence of the robot, since 

NANYANG TECHNOLOGICAL UNIVERSITY SINGAPORE 

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



72 Chapter 4 Sociofeedback via Nao Robot 

the minimum and maximum value correspond to calmness and agitation respec­

tively. Interestingly, when gestures are added, the participant perceived the robot's 

behavior as slightly more safe (albeit a small change). 

4.5 Experiment 2: Integration with the Sociofeed­

back System 

The were 20 ( 17 males and 3 females) participants in the second set of experiments 

with a mean age of 23 and standard deviation of 2.42. The total duration for 

each experiment session was around 20 minutes. The aim of this second set of 

experiments is to investigate whether Nao can deliver feedback for a two-person 

dialogs. We invited participants to have a scenario-based conversation. In each 

scenario, the participants were asked to behave behave according to four scenarios: 

"normal", "uninterested", "overly talkative", and "aggressive", corresponding to the 

first four situations listed in Table 2. The bottom two scenarios in that Table are 

less interesting as social states, and hence are not considered in this experiment. 

In order to facilitate the scenario-based conversations, we asked the participants to 

follow scripted conversations. From our earlier experiments, we learned that it is 

difficult for participants to enact a scenario if both speakers are invited subjects. 

Therefore, in this user study we changed our approach such that one of the two 

speakers was an invited participant while the other speaker was appointed by us to 

serve as facilitator of the conversations. Each conversation lasted about 60 to 70s, 

and was analyzed in real-time by the sociofeedback system described in Section 3 

(see also Fig. 1.1). 

The experiment was conducted as follows (see Figure 4.3): 

• First, we setup the recording system properly. 

• The two speakers sat about 1.5m apart so that each microphone only recorded 

the voice of the respective speaker, and there was no interference from the other 
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Figure 4.3: Different components of the experimental procedure. The experiments 
last about 20 minutes, with estimated duration of each component as indicated . 

speaker. 

• We attached the lapel microphones to the speakers in proper manner , in order 

to obtain a high-quality recording. 

• The participant and the facilitator had scenario based conversations. Each 

conversation was about one minute in duration. 

• Nao robot gave feedback after each conversation , depending on t he scenario. 

• The part icipant filled a questionnaire after each conversation, in order to rate 

the feedback delivered by the robot. 

Table 4.6: Relationship between the social scenarios and the social indicators of 
interest, dominance and agreement. 

Scenario Interest Dominance Agreement 

Normal Medium Medium High 

Uninterested Low 

Overly talkative 
High 

(Low for the other speaker) 

Aggressive High High Low 

NANYANG T ECHNOLOG ICAL UNIVERSITY S INGAPORE 

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



74 Chapter 4 Sociofeedback via Nao Robot 

Table 4.7: Percentage of correctly delivered feedback messages. 

Normal Uninterested 
Overly 

Aggressive Overall 
talkative 

100% 90% 85% 100% 93.8% 

• At the end of the experiment, the participant completed the Godspeed ques­

tionnaire in order to rate the Nao robot. 

4.5.1 Accuracy of Sociofeedback System 

The participants were asked to act according to the first four scenarios listed in 

Table 2. If the feedback message delivered by Nao is in accordance with the en­

acted scenario, it is considered accurate. In Table 4.6 we present the relationship 

between the social scenarios and the values of interest, dominance and agreement. 

In Table 4. 7 we list the accuracy of the feedback for each scenario and also present 

the overall accuracy of the system. In Table 4.8 we show the confusion matrix for 

these scenarios. 

Table 4.8: Confusion matrix showing the classification results of first four scenarios. 
The feedback generated in these scenarios used interest, dominance and agreement 
sociometries predicted by means of an SVM classifier. 

Normal Uninterested 
Overly 

Aggressive 
talkative 

Normal 20 0 0 0 

Uninterested 0 18 0 2 

Overly talkative 1 0 17 2 

Aggressive 0 0 0 20 

As seen from Table 4. 7 the overall accuracy of the feedback messages is 93.8%. In 

the cases of "Normal" and "Aggressive" scenarios all the conversations generated 

correct feedback but there were mistakes in other scenarios. False detections can 
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occur when the participants do not strictly follow the scenario. We also asked 

the participants whether they agreed with the provided feedback, resulting in a 

average score average rating of 4.5 on a scale of 5 (see Table 4.10) . This shows that 

the participants mostly agreed that the feedback provided by the Nao robot was 

appropriate for the scenario. 

4.5.2 Assessment of Sociofeedback via Nao 

At the end of each conversation, the participants were asked to complete an assess­

ment about the received feedback message. The questions concern different aspects 

of the feedback, including the content of feedback, likability, and timing (see Ta­

ble 4.9). At the end of all the conversations, the participant rated his/her experience 

of Nao via a Godspeed questionnaire. Table 4.11 shows the average ratings for each 

of the Godspeed criteria. In order to keep the assessments consistent, we adopted a 

5-likert scale for both questionnaires. 

Fig. 4.4 and Fig. 4.5 display the eight ratings for each of the feedback messages. 

As can be seen from these figures, the ratings are mostly high. The average ratings 

for each question (Ql - Q8) can be seen in Table 4.10. Ql and Q2 asked the 

participants if they could tell when Nao was addressing them or the other speaker. 

The high values for all the cases implies that the participants were able to distinguish 

among feedback messages meant for them and the other speaker. In Q3, we asked 

participants about the timing of the feedback. Although most participants stated 

that Nao gave feedback timely, there is still room for improvement. The ratings 

of Q4 suggests that participants at times felt that they were interrupted by Nao. 

The timing can be improved by waiting for the speaker to stop his/her sentence 

or by getting the attention of the speaker using some gesture, before delivering the 

feedback message. Furthermore, the high ratings for Q5 and Q6 suggest that the 

interaction between Nao and the participants was fairly natural and Nao spoke with 

clarity. In Q7 we asked whether the participants agreed with the feedback message. 

The rating for this question is close to 5, indicating that participants agree with the 
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Table 4.9: Questions of the assessment form. 

Question 

Ql Did you notice when the so-
ciofeedback system was address-
ing you? 

Q2 Did you notice when the so-
ciofeedback system was address-
ing others? 

Q3 Was the timing of sociofeedback 
appropriate? 

Q4 Did the sociofeedback system in-
terrupt the conversation? 

Q5 Was the interaction natural? 

Q6 Did you understand the message 
given by the sociofeedback? 

Q7 Do you agree with the given 
feedback? 

Q8 Did you enjoy using the sociofeed-
back system? 

feedback. Similarly, high ratings for QB confirm that participants like the feedback 

from Nao. Each column shows the average ratings for different scenarios. 

The scores for likeability are the highest. In other words, the participants seemed 

to like Nao, and perceived it as friendly. Anthropomorphism also has good ratings. 

The robot is rated strongly human-like but the motions of the robot can be improved 

to make it more elegant. The animacy of Nao is also rated high by the participants, 

consequently, Nao was considered as highly interactive. Likewise, the participants 

perceived the robot as knowledgeable and intelligent. However, Nao received mod­

erate ratings for its perceived safety, suggesting there is a room for improvement to 

make the participants more comfortable in the presence of Nao. Perceived safety is 
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77 

Figure 4.4: Box plots of participant's ratings for "Normal" , and "Uninterested" 
scenanos. 
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Figure 4.5: Box plots of participant's ratings for "Overly talkative" , and "Aggres­
sive" scenarios. 
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related to the size of the robot. Nao is a small robot (2 feet); when people interact 

with Nao while they are standing, the safety value is usually high [154]. In our case, 

Nao is seated very close to the participants (see Fig. 1.1), which may explain why 

the safety value is moderate in our experiments. 

We also asked the participants whether they would like to receive sociofeedback or 

not. Out of 20 participants, 19 responded in favor of receiving sociofeedback. 

At the end of the experiment, we asked to participants to leave any suggestion that 

they might have about the experiment. Some participants suggested improvements 

for the feedback messages. These suggestions were about the timing of the feedback, 

and also about making the feedback more natural. For instance, one participant 

suggested the following: "The conversation was interrupted while we were talking 

happily. When people are having a good conversation, it 's better to use body 

language only instead of voice" . 

4.6 Summary 

In summary, we can come to two conclusions based on our experiments. The first 

one being that people can understand social feedback messages delivered by Nao 

humanoid robot and they like the ability of the robot to provide social feedback. 

Table 4.10: Average ratings of each assessment question. Each column shows the 
ratings for each question, where each row represents a social scenario. 

Question Q1 Q2 Q3 Q4 Q5 Q6 Q7 Q8 

Normal 4 4 3 2 4 5 4 5 

Uninterested 4 4 3 1 4 4 5 4 

Overly talkative 4 5 3 3 4 5 5 5 

Aggressive 5 5 3 2 4 5 4 5 

Total average 4.3 4.5 3 2 4 4.8 4.5 4.8 
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Table 4.11: Average ratings for the Godspeed questionnaire {5-likert scale). 

Characteristics Average Values 

Anthropomorphism 
4 

Machine/human like 

Moving rigidly/ elegantly 3 

Animacy 
4 

Mechanical/ organic 

Inert/interactive 4 

Likability 
5 

Dislike/like 

Unfriendly/ friendly 4 

Perceived Intelligence 
4 

Ignorant /knowledgeable 

Unintelligent /intelligent 4 

Perceived Safety 
3 

Calm/ agitated 

Quiescent/ surprised 3 

Secondly the experiments validated the sociofeedback system as the accuracy for 

delivering appropriate feedback is really promising. 
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Chapter 5 

Non-verbal Analysis of 

Schizophrenic patients' Interviews 

In this chapter, we present our study that explores the relation between non-verbal 

speech and visual cues and negative schizophrenia symptoms. In section 5.1, we 

present non-verbal audio and visual cues that we have used for this study. In sec­

tion 5.2, we explain the experiment design and introduce the negative symptoms 

(NSA-16) for which the psychologists rate the schizophrenic patients, and we also 

explain the cognitive remediation therapy (CRT) which the subject group is un­

dergoing. In section 5.3, we detail the analysis done and present our findings . In 

section 5.4, we discuss the results achieved in this study so far. 

5.1 Non-Verbal Cues 

In this section we will discuss the non-verbal audio and visual features extracted 

from the collected data. 

5.1.1 Non-Verbal Speech Cues 

We computed the following conversational cues: the number of Natural Turns, Speak­

ing Percentage, Mutual Silence Percentage, Turn Duration, Natural Interjections, 
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Table 5.1 : List of conversational features considered in this study. 

Category Features 

Conversational 

Speaking duration 
Speaking % , mutual silence, 

Difference in speaking%, overlap, response time 
Speaking turns Natural turns, turn duration 

Interruption Interruptions, failed interruptions 
Interjection Interjection, speaking interjection 

Prosodic 

Frequencies Larynx frequency (FO) , formant (F1, F2, F3) 
MFCC Mel-frequency cepstral coefficients 

Amplitude Mean volume, max volume, min volume, entropy 

Speaking Interjections, Interruptions, Failed Interruptions, Speaking Rate and Re­

sponse Time [42]. We also computed the following prosodic cues: amplitude, lar­

ynx frequency {FO), formants (FJ, F2, F3), and mel-frequency cepstml coefficients 

{MFCCs). 

5.1.2 Visual Cues 

We collected the video and depth data for the patient using Microsoft Kinect sensor. 

The depth data allowed us to extract the skeleton of the patient. Analysis of a 

single video takes significant time, therefore as a preliminary step we focused on 

just overall body movements to see if it reveals anything interesting. As this is 

an ongoing experiment, in future we can extract further visual features to enhance 

the analysis. We extracted the change in values for each joint and then calculated 

overall movements of these joints. The extracted joints are listed in Table 5.2. 

Fig. 5.1 shows the extracted skeleton for one of the patients. The patient is in 

seated mode which is not ideal for kinect skeleton detection but it still works pretty 

good as can be seen in Fig. 5.1. 
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Table 5.2: List of upper and lower body joints ext racted from the skeleton obtained 
using Kinect depth data. 

Body Part Joints 

Elbow Elbow left, Elbow right 

Shoulder Shoulder left, Shoulder right, Shoulder Center 

Upper Body Hand Hand left, Hand right 

Wrist Wrist left , Hand right 

Spine Spine 

Feet Foot left , Foot right 

Lower Body 
Hip Hip left, Hip right , Hip Center 

Knee Knee left, Knee right 

Ankle Ankle left, Ankle right 

~- . ~r· - .'.II -

Figure 5.1: The extracted skeleton for one of the patients. 

5. 2 Experiment Design 

We are conducting this study in collaboration with the Instit ute of Mental Health 

(IMH) in Singapore. It is an ongoing study, and the results presented here are for the 

cases who have completed the 12-week study. There are two groups of part icipants: 
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Table 5.3: Demographics of participants in the study. 

Subjects (N=ll) Controls (N =9) 
Mean Range Mean Range 

Age 31.5 23-49 30.7 25-39 
N % N % 

Female 7 63.6 6 66.6 
Male 4 36.3 3 33.3 
Ethnicity (Chinese) 8 72.7 - 9 100.0 
Ethnicity (Malay) 2 18.2 0 0 
Ethnicity (Indian) 1 9.1 0 0 
Below University Level 9 81.2 9 14.29 
Above University Level 2 18.2 0 0 

Subjects who are patients with schizophrenia undergoing CRT [155] in sessions at 

IMH, and Controls who are patients with schizophrenia at IMH, matched for age, 

gender, ethnicity, and education, but not undergoing CRT treatment. The control 

patients suffer from less severe cognitive impairments of schizophrenia compared to 

the subjects. The subject and the control groups were assessed for cognitive im­

pairments related to schizophrenia at the start of the study period using the brief 

assessment of cognition in schizophrenia (BACS) tool [156]. The subject group had 

a mean BACS Composite score of 27.52, whereas the control group had a mean score 

of 42.49 on the same metric, a higher score indicating lesser cognitive impairment. 

The participants are recruited by IMH based on the recommendations of clinicians. 

The participants are provided with monetary compensation for participation in the 

study. The participants are all adults above 21 years of age, and have provided 

written informed consent. All experiments are performed in accordance to the rel­

evant guidelines and regulations, and the study protocol has been approved by the 

National Healthcare Group's domain-specific Review Board in Singapore. So far 

we have collected data for 20 completed participants, including 11 subjects and 9 

controls. Table 5.3 gives the demographics data of the participants. 

The experiment has been designed such that each participant is assessed at three 

time-points: the first at week 0 (before the start of the CRT sessions), the second at 

week 2 and the third at week 12, at the completion of CRT. Each session consists of 
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cognitive tasks, clinical interview, and functioning tasks. During this duration of 12 

weeks, each patient in the Subject group undergoes CRT of 2 sessions per week, so 24 

sessions in total. Each CRT session lasts for about 1.5 hours; so in totality, a Subject 

is subjected to 24x 1.5 = 36 hours of CRT. We will discuss the analysis of audio 

data acquired during the structured clinical interview. A trained psychologist from 

IMH conducts these interviews in English and rates each participant on a scale of 

1-6, where 1 indicating no symptoms and 6 indicating severe negative symptoms, on 

the Negative Symptom Assessment (NSA-16) tool [157]. There is no pre-determined 

duration for the interview, instead it depends on participant's response to the ques­

tions asked by the psychologist. On average, the interviews lasted about 30 minutes. 

We have analyzed each interview in its entirety. Therefore, in this study we have 

analyzed about 30 hours of audio recordings (0.5 hour /interview x 3 sessions x 20 

patients). In section 5.2.1 we explain the data collection procedure and in section 

5.2.2 we explain the negative symptoms assessment tool used for this experiment. 

5.2.1 Data Collection Procedure 

We recorded the audio, video and depth data for the participant and psychologist 

interviews. The audio data was acquired using lapel microphones worn by both 

participant and the psychologist. The video and depth data was recorded only 

for the participant using Microsoft Kinect device. We synchronized the audio and 

video/depth data collection such that both software applications started with a 

single click. 

The procedure for data collection is listed below: 

1. We save the speech in a 2-channel audio . wav file (one channel for each 

speaker), so that we can easily detect who is speaking at any given time. 

We ensure that audio recording device is working properly and the participant 

and the psychologist wear their respective microphones. 
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2. We record video/depth data for each participant by means of Microsoft Kinect 

device. We make sure that participant is sitting at a reasonable distance and 

his/her skeleton can be detected properly. 

3. Once all the devices are connected and the interviewer is ready we start the 

data acquisition. We monitor the software apijlications from another room via 

remote desktop to ensure proper data collection. 

5.2.2 Negative Symptoms Assessment 

The symptoms of schizophrenia, are frequently grouped into two general classes: 

positive and negative manifestations. The behaviors that are not present under nor­

mal conditions like having hallucinations and being delusional are termed as positive 

symptoms. Negative symptoms refer to the lack of grooming, use of language and 

communication abilities. A few measures or rating scales have been created to rate 

the positive and negative symptoms of schizophrenia. The scale used for rating 

negative symptoms in this experiment is shown in table 5.4. 

Table 5.4: List of NSA criteria and their explanation. 

Label Criteria Explanation 

NSA 1 Prolonged time The subject pauses for inappropriately 

to respond long periods before answering. 

NSA 2 Restricted Ratings on this item suggest that the 

speech quantity subject gives brief answers to questions 

and/or provides elaborating details only 

after the interviewer prods him. 

NSA 3 Impoverished The subject may talk a lot or a little but 

speech content the information conveyed is very limited. 

NSA 4 Inarticulate The subjects speech cannot be understood 

speech because enunciation is poor. 
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NSA5 

NSA 6 

NSA 7 

NSA8 

NSA9 

Emotion: Re- Emotion is the feeling content of a persons 

duced range inner life. This item assesses the range of 

emotion experienced by the subject dur­

ing the last week (or other specified time 

period). 

Affect: Reduced This item assesses the subjects modula­

modulation of tions of intensity of affect shown dur-

intensity ing the interview while discussing matters 

that would be expected to elicit signifi­

cantly different affective intensities in a 

normal person 

Affect: Reduced This items assesses the subjects ability to 

display on de- display a range of affect as expressed by 

mand changes in his/her facial expression and 

gestures when asked by the interviewer 

to show how his/her face appears when 

he/she feels happy, sad, proud, scared, 

surprised, and angry. 

Reduced social The desire of the subject to initiate so-

drive 

Poor rapport 

with interviewer 

cial interactions. The attempts made by 

the subject to establish social contact with 

others can help measure his/her social 

drive. 

This item assesses the interviewers subjec­

tive sense that he/she and the subject are 

actively engaged in communication with 

one another. 
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NSAlO Interest in Emo- This item assesses how much the subject 

tional and Phys- retains interest in emotional and physical 

ical Intimacy intimacy or sexual activity. 

NSAll Poor grooming The assessment of the physical grooming 

and hygiene of the subject. 

NSA 12 Reduced sense of This item assesses whether the subject 

purpose possesses integrated goals for his/her life. 

NSA 13 Reduced inter- This item assesses the range and intensity 

ests of the subjects interests. 

NSA 14 Reduced daily This item assesses the level of the subjects 

activity daily activity and his/her failure to take 

advantage of the opportunities his/her en-

vironment offers. 

NSA 15 Reduced expres- Gestures and body movements that nor-

sive gestures mally facilitate communication during 

speech are less than normal, or are not 

observed at all. 

NSA 16 Slowed move- This item assesses how much the subjects 

ments voluntary movements are slowed. At a 

minimum one should rate movements as 

gait and those of rising from a chair. 

NSA 17 Global negative This item assesses the overall impression 

symptoms rating of negative symptoms in the subject. 

NSA 18 NSA total Sum of the ratings from questions 1-16. 

NSA 19 NSA communi- Sum of the ratings from questions 1-4. 

cation 

NSA 20 NSA emotion af- Sum of the ratings from questions 5-7. 

feet 

NANYANG TECHNOLOGICAL UNIVERSITY SINGAPORE 

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



Chapter 5 Non-verbal Analysis of Schizophrenic patients' Interviews 89 

NSA 21 NSA social in- Sum of the ratings from questions 8-10. 

volvement 

NSA 22 NSA motivation Sum of the ratings from questions 11-14. 

NSA 23 NSA retardation Sum of the ratings from questions 15-16. 

Table 5.4 lists the questions in NSA. The last six criterion namely NSA total, NSA 

communication, NSA emotion affect, NSA social involvement, NSA motivation and 

NSA retardation have composite scores. The scores for these criteria are calculated 

by accumulating the scores for the basic questions. 

5.2.3 Cognitive Remediation Therapy 

CRT is a treatment designed for cognitive rehabilitation. Research supports the ef­

fectiveness of cognitive remediation therapy for traumatic brain injury, and schizophre­

nia [155, 158, 159]. It helps improve cognitive abilities such as attention, working 

memory, cognitive flexibility and planning, and executive functioning. An improve­

ment is these areas leads to an overall enhanced social functioning, and helps patients 

in obtaining and working in competitive jobs. 

5.3 Analysis and Results 

ln_ this section we will present our analysis of the data collected so far. We removed 

prosodic features, since they were not contributing that much to the analysis. In 

this work we have focused on the correlations between NSA and conversational fea­

tures. First, we show the correlation between the objective audio features and the 

subjective negative symptoms ratings, then we present our results for automated 

prediction of negative symptoms from audio features. At the end we present the 

results for the classification of the control and subject groups. The classification 

performance was computed by leave-one-person-out cross-validation, i.e., for each 
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participant the classifier was tested on the instances of that participant and trained 

on all the remaining instances. 

5.3.1 Non-Verbal feature analysis 

In this section we plot the non-verbal speech features to see the differences among 

subjects and control groups. 

5.3.1.1 Speech features 

It can be seen from Figs. 5.2, 5.3 and 5.4 that controls group has higher averages 

for number of natural turns, average turn duration, speaking % and speech rate, 

whereas the subject group has higher averages for response time and mutual si­

lence. In summary it is clearly evident that control group participates more in the 

conversation as compared to the subject group. 

5.3.1.2 Visual features 

We extracted the skeleton of the patients from Microsoft Kinect video and depth 

data. The skeleton consists of various joint values that helped us determine the 

movement features over the course of the interview. We used the joint movement 

values and combined them to get three major measure i.e. lower body movement, 

upper body movement and an overall measure shown in Figs. 5.5 and 5.6 respec­

tively. From the figure it can be seen that the subjects move more on average as 

compared to the controls. 

5.3.1.3 Correlation Analysis 

We extracted conversational, and visual features from the patient interviews con­

ducted by the psychologists at IMH. Fig. 5.7, 5.8 and 5.9 show the linear correla-
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Figure 5.2: Natural t urns and turn duration plots for subject and control groups. 

tion of conversational speech and visual features with negative symptoms assessment 

done by IMH psychologists. 

We calculate the linear correlation value Px, y between a non-verbal cue Xi of the ith 

recording of one person, say Tum Duration, with t he rating Y·i of t he same recording, 

N ANYANG T EC HNOLOGICA L U NIVERSIT Y S INGAPORE 

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



92 Chapter 5 Non-verbal A nalysis of Schizophrenic patients' Interviews 

Speaking % 

I I 

10 

5 

g 0 

-5 I 

--'--

- 10 

I 

--'--
-15 

Subjects Controls 

Speech Rate 

2.8 

2.6 
+ 

2.4 + 

2.2 g 
2 I 

I 

--'--
1.8 + 

1.6 

1.4 I 

--'--

Subjects Controls 
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say Restricted Speech Quantity, as follows: 

n 
I: (x; - x)(y; - y) 
i = l 

Px , Y = --r=========== (5.1) 
n n 
I: (x ; - x)2 L (Yi - y)2 
i=l i= l 

where x and f) denote t he corresponding mean value for all recordings. The col-
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Figure 5.4: Response t ime and mutual silence plots for subject and control groups. 

ormaps in Fig. 5.7, Fig. 5.8 and Fig. 5.9 show the correlation of NSA-1 6 criteria 

with audio-visual features. The first colormap illustrates t he correlation for NSA-16 

questions 1-8, the second colormap for questions 9-16 and the third colormap has 

the correlation values for questions 17-23. The values range from -0.7 to 0. 7, with 

-0 .7 represented as dark blue and 0.7 represented as dark red . It can be seen from 

the colormap t hat features like Failed Interrupt, Overlap, Mutual Silence, Response 

Time, and overall body movement are directly correlated to t he negative symptoms; 
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Figure 5.5: Lower body and upper body movement plots for subject and control 
groups. 

on the other hand Interjections, Interrupts, Speaking Percentage, Turn Duration, up­

per body movement, and overall movement are inversely correlated to the negative 

symptoms. 

As a next step in our analysis we determined the prediction accuracy for each NSA-

16 criterion from two mult i-class pattern recognit ion classifiers, viz., Support Vector 
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Figure 5.6: Overall movement plots for subject and control groups. 

Table 5.5: Accuracies of predicting Negative Symptoms using non-verbal features. 

Negative 
SVM MAE R M SE SVR MAE RMSE 

Sy mptoms 
Prolonged time of response 75% 0.4 0.89 75% 0.35 0.8 
Restricted speech quant ity 80% 0.4 0.94 60% 0.6 1 

Poor rapport with 
80% 

0.4 1 
70% 

0.45 0.92 
interviewer 

Machine (SVM) [160] and Support Vector Regression (SVR) [160], trained in a su­

pervised manner. We used subjective ratings as class labels (1-6) and non-verbal 

cues as feature-set , then we performed leave-one-person-out cross-validation to cal-

culate the prediction accuracy of each criterion. In Table 5.5 we display only those 

criteria which could be predicted with more than 60% accuracy. The negative symp­

toms criteria of Prolonged Tim e to Respond, Restricted Speech Quantity, and Poor 

Rapport with Interviewer fall under this category. 

To determine whether the subjects and the cont rol cases can be distinguished 

based on the objective features of non-verbal cues, we utilized binary classifiers in 

a supervised manner with subjects and controls as training t arget labels, and per­

formed leave-one-person-out cross-validation to calculate the accuracy of classifica-
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Figure 5. 7: Colm·map plot between NSA-16 features 1-9 and non-verbal features. 

NSA 

NSA 

NSA 

E g ! ~ 
Q_ l 

a. ;fl. a ~ 1l. ~ i i;' 1'! .. .= e e g 0> 0: ~ I= s ~ c ;fl. 
~ ~ ~ .!; :;; '2 '2 ~ 1 ~ 0 ~ ~ 8. g> 

I E il "' 
:;; 1i 1i :::> 

"' ~ 8. "' "' .= ~ "' 0: 

8. 
"' 

Figure 5.8: Colormap plot between NSA-16 features 10-16 and non-verbal features. 

Table 5.6: Classification of conversational speech features into controls and subjects . 

Session A ccuracy MAE RMSE 
Session 1 75% 0.31 0.55 
Session 2 79% 0.20 0.45 
Session 3 69% 0.25 0.5 

Sessions Combined 80% 0.20 0.44 

tion. Table 5.6 contains the classification accuracies. Vve have presented session-wise 

accuracies as well as combined accuracy for all sessions. 
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Figure 5.9: Colm·map plot between NSA-16 features 17-23 and non-verbal features. 

5 .4 Discussion 

It can be clearly seen from Fig. 5.7, Fig. 5.8 and Fig. 5.9 t hat strong correlations ex­

ist between subjective ratings (NSA-16) and objective measures (Non-verbal cues) . 

An interesting thing to note here is t hat t he correlation values are higher for Fig­

ure 5. 7 and Figure 5.9 as compared to Figure 5.8. It can be seen from Table 5.4, 

t he NSA-16 questions 1-9 are more related to speech, and hence t he absolute cor­

relation values between these subjective questions and the objective speech-related 

measures are relatively higher compared to those between NSA-16 questions 10-16 

and the objective non-verbal speech measures . Similarly, Figure 5.9 has cumulative 

measures, hence it also has overall higher correlations. The visual features mostly 

have negative significant correlations with t he NSA- 16 measures as can be see in 

Fig. 5.7, Fig. 5.8 and Fig. 5.9. 

Response time shows posit ive correlation with prolonged response time, poor rapport 

with the interviewer, restricted speech quantity, and NSA communication. This re­

lation shows that t he response t ime is higher for the cases where t he psychologist 

rated t he patient high for t hese negative symptoms. Failed interrupts shows posit ive 

correlation with poor rapport with the interviewer and that also makes sense because 

high interruption usually indicates lack of smoothness in t he conversation which can 

lead to poor rapport with t he interviewer. In the case of visual features t here are 
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no significant positive correlations. Speaking % and Interrupts correlate negatively 

with restricted speech quantity. This relation means that the more a patient speaks, 

the lower he/she is rated for restricted speech which makes sense. Higher interrup­

tion also indicates patients' participation in the conversation therefore less restricted 

speech quantity. The visual cues mostly correlate negatively with NSA-16 ratings. 

The most prominent correlation is of Upper body movement, and Overall movement 

with reduced expressive gestures and this relation makes perfect sense. As the pa­

tient is seated so major contributor to the gestures is the upper body, and greater 

the movement of upper body the lower the rating for reduced expressive gestures. 

Upper body movement, and Overall movement also correlate negatively with affect 

reduced display on demand and emotion affect cumulative rating. 

Few of the strongest correlations are observed for the NSA-16 questions 1,2, and 

9, i.e., Prolonged time to respond, Restricted speech quantity, and Poor rapport with 

interviewer respectively. This is also probably the reason why we achieve high ac­

curacies in predicting the subjective ratings of these questions from our objective 

speech measures. Prolonged time to respond, Restricted speech quantity, or Poor rap­

port with interviewer are strongly related to Response Time (positive correlation) 

and to Interruption (negative correlation). According to Table 5.4, a patient is rated 

higher on these questions by the psychologist if the patient has frequent pauses while 

responding, has responses limited to a few words or has to be constantly prodded 

to be engaged in the conversation. All these 'anomalies' in the conversation are re­

flected in the lack of interruptions common in a 'normal' conversation or a increased 

time to respond to turns in the conversation. These attributes are faithfully cap­

tured in our objective speech measures of Response Time and Interruption. Thus, 

the subjective perceptions regarding the NSA-16 questions are reaffirmed through 

objective speech processing techniques. 

In Table 5.5, together with the classification accuracies for SVM and SVR tech­

niques, we additionally mention the Mean Absolute Error (MAE) and Root Mean 

Square Error (RMSE) obtained for these classification results. A low value ( ~ 1) 

on a scale of 1-6 for these measures indicate the error to be quite low. 
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The results from Table 5.6 clearly indicate that audio features for control and sub­

jects contain major differences and thus could be differentiated with a high accuracy. 

This difference can be attributed to the difference in schizophrenia severity in the 

subject and control cases. As mentioned earlier, both the subjects and controls were 

suffering from schizophrenia, but the subjects were undergoing CRT, whereas the 

controls were not recommended for CRT by doctors. The controls have relatively 

superior mental health compared to subjects, and this contrast is also translated 

into the differences in the non-verbal cues. 
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Chapter 6 

Conclusion and Future Work 

6.1 Conclusion 

We presented a novel approach towards comprehensive real-time analysis of socio­

metries. We collected two different speech corpora of two-person conversations: an 

audio corpus and an audio-visual corpus. We leveraged on multi-modal information 

(audio and video) to determine social behavior in two-person conversations, specif­

ically, interest, dominance, politeness, friendliness, frustration, empathy, respect, 

confusion, hostility and agreement of the speaker. We asked multiple judges to 

annotate the recordings in each dataset; these annotations allowed us to train and 

validate machine learning algorithms for reliable multi-level classification of the so­

ciometries with speech and visual cues as input features. We performed correlation 

analysis based on these annotations to determine the positive and negative correla­

tions between various social indicators. This analysis highlighted the redundancies 

among indicators and provided us with insight regarding the social indicators. We 

performed separate audio, video and audio-visual analysis and presented the results 

for each feature set. In order to determine the robustness of the system, we per­

formed a cross dataset analysis. Our results indicate that despite the differences 

between two data sets, we could still infer sociometries with reasonable accuracy. 
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The combined metrics for speech mannerisms and social behavior provide a clear 

picture of human behavior in dialogs. For instance, high volume, high dominance 

coupled with low agreement, low politeness and high hostility levels may suggest 

that the participant is upset and behaving aggressively. Similarly, low volume, low 

interest and low dominance may suggest that the participant is bored. Low interest 

from both speakers would mean that both participants are disinterested in the con­

versation. Similarly, high agreement, high politeness, low hostility, high friendliness 

and a moderate dominance would mean the conversation is going smoothly. Further 

research is required to interpret the interplay between these sociometries. 

We designed various feedback platforms for delivering the feedback messages. The 

aim was to make a sociofeedback system that can be used for real world scenarios. 

Keeping that in mind we developed VoiP (Skype), Android phones/tablets, Google 

glass and Vuzix smart glasses based applications that can be interfaced with the 

sociofeedback system and provide feedback using the inference from the system. 

We presented a user study about Sociofeedback via Nao robot. In the first part 

of the study, we investigated whether users can understand the feedback messages, 

and compared two modalities for feedback (audio only and audio combined with 

gestures). To simplify the problem, we used an open-loop setting. The participants 

did not participate in conversations; instead they only needed to assess the feedback 

messages delivered by the NAO robot. Each participant completed a (modified) 

Godspeed questionnaire twice, once to assess audio-only messages, and once where 

audio and gestures are combined. We observed that the feedback was identified 

more accurately when audio and gestures are combined, leading to (almost) perfect 

identification. The results of the (modified) Godspeed questionnaire suggest that 

by combing audio with gestures in sociofeedback, the anthropomorphism, animacy, 

likeability and perceived intelligence of the NAO robot increases, as compared to 

feedback through audio messages only. The ratings for all Godspeed criteria were 

high. In conclusion, this study suggests that sociofeedback by the NAO robot can 

be accurately identified, and is also appreciated by participants. 
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In the second part of the study, we delivered feedback for dyadic conversations via 

Nao. In this experiment, we used a close-loop setting. The participants took part in 

real conversation; the N ao robot monitored these conversations, and provided feed­

back to the participants regarding their social behavior. We aimed to investigate 

how the feedback from the humanoid robot is perceived by humans. To this end, 

we conducted a survey with 20 participants where the participants were engaged 

in a discussion, and the feedback messages were delivered by Nao to the partici­

pants. The participants assessed the content, timing, relevance and their liking of 

the feedback after receiving each feedback message. 

We observed that the participants clearly liked receiving feedback from Nao robot. 

The agreement scores are very high, showing that the participants agreed with the 

provided feedback. There is room for improvement in the timing of the feedback. 

We will try to improve the timing in future experiments. 

At the end, each par~icipant assessed the robot and rated it on a Godspeed question­

naire. The ratings for all Godspeed criteria were high implying that participants 

liked receiving feedback from a humanoid robot. Only with regard to perceived 

safety, the evaluation was mildly positive; this may be explained by the fact that 

the robot was sitting near the participants. However, the average rating is still ac­

ceptable, and this issue may not be very critical. Overall, this study suggests that 

sociofeedback by the Nao robot can be accurately identified and is appreciated by 

participants. 

We also presented our findings regarding the correlations between the non-verbal 

speech and visual cues and negative symptom ratings. Positive symptoms of schizophre­

nia can be treated using medication. However, there is no treatment for the negative 

symptoms. At Institute for Mental Health, Singapore doctors administered cogni­

tive remediation therapy (CRT) to schizophrenia patients. These patients were 

interviewed and rated on negative symptoms over the course of their treatment. We 

recorded these interviews and extracted non-verbal audio features. 

The results of our analysis are promising as there are significant correlations be-
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tween non-verbal features and NSA-16 ratings assigned by psychologist. We also 

predicted NSA-16 criteria using machine learning algorithms trained on subjective 

ratings. The results show that some of the NSA-16 criteria can be predicted using 

non-verbal features with quite high accuracy. The aim of this work is to exploit 

these correlations and predict the negative symptoms criteria in an objective man­

ner. These results can be the stepping stone towards building an automated tool 

which could predict negative symptoms by analyzing the speech of a patient in an 

automated manner. Such tool may serve as an aid to psychologists, and could poten­

tially help them in providing better monitoring of schizophrenia patients. It can be 

extremely helpful in the area of telemedicine for patients suffering from schizophre­

nia, where treatment can be administered remotely and objective metrics for the 

patients' speech behavior can assist the psychologists in accurately providing the 

ratings. These are promising, albeit based only on data from a relatively small 

number of patients. 

In summary we demonstrated that sociometries can be computed in a quick and 

reliable manner, enabling real-time feedback ("sociofeedback"), thereby closing the 

research gap in applying sociometric results to build a real time system. In ad­

dition, we presented a real world implementation where sociofeedback system was 

interfaced with Nao robot enabling Nao robot to deliver feedback for dyad conver­

sations. Currently, we are exploring various applications of sociofeedback. We also 

presented a rehabilitative application for schizophrenic patients. Our results show 

that a correlation does exist between non-verbal cues and negative schizophrenia 

symptoms. 

6.2 Future Work 

6.2.1 Sociometries 

Our ongoing work includes the extension of two-person dialogs to multi-party di­

alogs. We intend to collect a larger and diverse dataset in order to generalize the 
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findings. The number of speakers does not pose a big challenge as we use separate 

audio channels for each speaker. We use one Kinect per person in our current set­

ting. However, Kinect SDK can detect multiple skeletons using one device. Hence, 

we can technically reduce the numbers of Kinect devices for multiparty scenarios. 

We also need to adapt our audio-visual cues for multiparty settings. The dynamics of 

the multiparty conversations is very different from that of dyadic conversation. The 

sociofeedback system generates feedback for each speaker and hence, the analysis has 

to be done accordingly. For dyadic conversations, detecting speaking/non-speaking 

parts from the speech data was sufficient to determine the non-verbal cues. In the 

case of multiparty discussions, it is necessary to determine whom the speaker is 

addressing in order to extract conversational cues to generate suitable feedback. 

We also plan to incorporate context detection in the sociofeedback system. We be­

lieve context detection can enhance the robustness of the system. To achieve this, 

we are working towards integrating real-time speech and object detection. Speech 

detection can provide us with keywords that can help us understand the context. 

Similarly, object detection can help with the understanding of the background sur­

roundings, clothes, gender, ethnicity etc. All this additional information can help 

us improve the sociofeedback system. 

6.2.2 · Feedback Platforms 

To date, we have only implemented the applications to present the feedback messages 

on various platforms such as VoiP (Skype), Android phone/tablet and smartglasses. 

Currently, we implement a TCP server/client framework where the sociofeedback 

system sends the inferred social state to the application. The application then 

displays the feedback in an appropriate format. 

In future work, we plan on conducting user studies similar to the one in chapter 4 

to get user opinion about these feedback platforms. We also plan to implement the 

entire Sociofeedback system on Android platform, in which case we will not need a 
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TCP server to provide feedback messages. The Android device will then store and 

process the audio, and infer the social state of the speaker using trained classifiers. 

Android platforms already have the technical specifications. We are working on 

an app that can independently acquire speech data, extract speech cues, infer the 

social state and provide feedback. This will open new avenues for research. Our 

current focus has been on dyad conversations. The independent mobile platform 

can help us apply similar techniques to an individual speaker. Wearable devices 

such as smart glasses can be used for training individuals to improve presentation 

skills, sales pitches, teaching etc. 

There are technical challenges involved with the implementation of the sociofeedback 

system on VoiP and Android platforms. Currently, we use separate audio channel 

for each speaker, which is not feasible on a mobile platform. We plan to use speaker 

diarization to separate speakers audio from a conversation. Once we have separated 

the audio, we can extract speaking/non-speaking sections and then extract non­

verbal cues. We use Microsoft Kinect sensor to collect visual and depth data. In 

VoiP (Skype), we can still use Kinect which can serve as a web cam, making it 

possible to acquire depth data while the user is in a Skype call. For the Android 

platform video data, it will be a challenge, as acquiring depth data is not possible 

with existing technology. However, if the user keeps the phone/tablet in front of 

his/her face, we can extract facial expressions and context related features. 

6.2.3 Social Robotics 

The ability for a robot to estimate the social state of the speaker with whom it is 

interacting can enhance human robot interaction. The user studies presented in our 

work cover the scenario where a humanoid robot provides sociofeedback for dyadic 

conversations. 

In future, we plan to develop a generic social state estimation module for humanoid 

robots. The action of the robot to the estimated social state would vary based on the 

application. In the current setting, the robot only provides feedback. But, in case 
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it is a party to the conversation then it can generate dialogs based on the estimated 

social state. It would be ideal to have a system that can infer the social state and 

provide that data to the developers. The developers can then program the action 

based on their application requirements. 

6.2.4 Non-verbal Analysis of Schizophrenic patients' Inter­

views 

This study is currently ongoing. Hence, we have only presented the initial results 

in this thesis. The work presented here focuses on the correlations between the 

non-verbal speech and visual cues with negative schizophrenia symptoms rated by a 

trained psychologist. In the future, we plan to increase the number of participants 

{both subjects and controls) to obtain more reliable results. 

Additionally, we wisl;l to explore the variation of the non-verbal cues for the subjects 

and controls, specifically, how their speech features change over sessions. If these 

cues change differently for subjects and controls, this can shed light over the efficacy 

of Cognitive Remediation Therapy (CRT) . 

We have also started data collection for healthy individuals. Once we have substan­

tial data, we can use it to compare the non-verbal cues of schizophrenic patients 

with healthy people. This comparison can give us valuable insight in understanding 

the speech patterns of schizophrenic patients in comparison to healthy people. 

Currently, there is no system that can predict the subjective NSA-16 ratings used 

for schizophrenia treatment. Our results show that some of these measures can be 

predicted with reasonable accuracies using non-verbal cues. We plan to exploit these 

relations and develop an application that can automatically judge NSA-16 criteria 

and help the schizophrenic patients with their rehabilitation. 
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.1 Transcripts of conversations 

Dialog 1:- (An interaction between a salesperson and a dissatisfied customer.) 

A:- Morning sir how may I help you? 

B:- I am here to return this phone. 

A:- Sir, we cannot return sold items. 

B:- What do you mean you cannot return? You sold me a broken phone and now 

you cannot return! 

A:- Sir please listen to me. 

B:- Just call the manager, I will talk to him. 

A:- Sir, please just tell me what is the problem. 

B:- There is a complete list. I am shocked to see the difference between your 

claims and this phones performance! The battery does not charge properly, the 

screen flickers , headphones dont work. Do you want me to go on? 

A:- Sir, kindly tell me clearly? 

B:- Just call the manager. 

A:- Sir, the manager is not available right now. 

B:- What do you mean he is not available? I am here in working hours, he should 

be here. What kind of an irresponsible business are you? 

A:- He is attending to an emergency. I will try to call him. 

B:- So, your clients problems do not mean anything! I have wasted my time and 

money on this phone and you do not have the decency to attend to my complaints! 

A:- Kindly leave your contact details. We will contact you. 

B:- No need for that, just keep this broken phone and I will buy from someone 

who knows how to run a business. 

A:- Sir please understand. 

B:- I am understanding. You guys should learn how to run a business. Improve 

your service or your business will close. This is no way to run a business, I am 

telling you. 

A:- There is no need to be angry sir. 
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B:- Well I am the one who has a broken phone. Have you seen your competitors in 

the market? They are doing much better because their service is good. Learn 

something from them. 
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Dialog 2:- ( A small dialog between two uninterested speakers) 

A:- Good Morning. 

B:- Morning. 

(Long silence) 

A:- Anything that you want to discuss? 

B:- No, not really. 

A:- Ok. 

(Long silence) 

B:- What about you, do you have anything to discuss? 

A:- No, I am just checking my emails. 
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.2 Correlation between social indicators and audio-

visual features 
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(a) Correlation between Confusion and audio fea­
tures from AC corpus. 

(b) Correlation between Empathy and audio features 
from AC corpus. 

(c) Correlation between Friendliness and audio fea­
tures from AC corpus. 
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(d) Correlat ion between Prust ration and audio fea­
tures from AC corpus. 

Figure 1: Correlation between social indicators (Confusion, Empathy, Friendliness, 
and Frustration) and audio features for AC corpus. 
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(a) Correlation between Hostili ty and audio features from 
AC corpus. 

(b) Correlation between Interest and audio features from 
AC corpus. 

·rrclat ion between Politeness and audio features from 
lUS. 

(d) Correlation bet'' veen Respect and C1Udio features from 

AC corpus. 
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Figure 2: Correlat ion between social indicators (Hostility, lntLTest, Politeness, and 

Respect) and audio features for AC co rpus. 
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(a) Correlation between Agreement and audio-video fea­
tures from AVC corpus. 

(b) Correlation between Confusion and audio-video fea­
tures from AVC corpus. 

(c) Correlation between Dominance and audio-video fea­
t ures from AVC corpus. 

(d) Correlation between Empathy and audio-video features 
from AVC corpus. 

Figure 3: Correlation between social indicators (Agreement, Confusion, Dominance, 
and Empathy) and audio-video features for AVC corpus. 
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(a) Correlation between Friendliness and audio-video fea­
t ures from AVC corpus . 
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(b) Correlation between Prustmtion and audio-video fea­
tures from AVC corpus. 

(c) Correlation between Politeness and audio-video fea­
tures from AVC corpus . 
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(d) Correlat ion between Respect and audio-video feat ures 
from AVC corpus. 
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Figure 4: Correlation between social indicators (Friendliness, Frustration, Polite­
ness, and Respect) and audio-video features for AVC corpus. 
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